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Program Overview

September 8, 2011 (Thursday) 9:10 ~ 20:00

09:10-10:00 | Registration
10:00:10:10 | Opening Ceremony Prof. Leehter Yao
Chair: Prof. Yuan-Fu Liao
10:10-11:10 | Invited Talk: Speaker: Prof. Haizhou Li,
Machine Transliteration — Translating the Institute for Infocomm
Untranslatables Research, Singapore
Chair: Prof. Hsiao-Chun Wang
11:10-11:40 | Coffee Break
11:40-12:40 | Oral Session 1:_ _ _ Chair: Prof. Chia-Ping Chen
Speech Recognition and Synthesis
12:40-13:30 | Lunch
13:30-14:30 | ACLCLP meeting for future directions/Poster Session 1:NSC Project reports
14:30-15:30 | Invited Talk: Speaker: Dr Lee-Feng Chien,
Opportunities and Technology Challenges General Manager, Google
for Search Engines in the mobile internet Chair: Prof. Hsin-Hsi Chen
15:30-16:00 | Coffee Break/IJCLCLP editors meeting(F 1 s 4 7#2 % ¢ R E 5 ~ £ 3 #)
16:00-17:00 | Panel Discussion: Panelists:
Frontier of speech science and technology for| £ 7 & #c#2 > f§ = % 1
real life FRAELE L s ATEEE L
Chair: Prof. Jhing-Fa Wang
17:00~18:00 | Walking to banguet place (3 1 5 Ait/7)
18:00-20:00 | Banquet (%‘;Efu’ﬁﬁ)i?r{ buffet)

September 9, 2011 (Friday) 9:30 ~ 16:20

9:30-10:30 | Invited Talk: Some Issues on Statistical Speaker: Prof. Jingbo Zhu,
Machine Translation Using Source and Northeastern University,
Target (or) Syntax ShenYang, China

Chair: Prof. Liang-Chih Yu

10:30-11:00 | Coffee Break

11:00-12:00 | Oral Session 2: Machine Translation and Chair: Prof. Yuen-Hsien Tseng
Word Segmentation

12:00-13:00 | Lunch

13:00-14:30 | Poster Session 2: Poster Papers

14:30-15:00 | Coffee Break

15:00-16:00 Ora! Session 3: o Chair: Prof. June-Jei Kuo
Lexicon, Resources and NLP applications

16:00-16:20 | Closing Ceremony and Best Paper Award
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Hsin-Ju Hsieh, Wen-Hsiang Tu and Jeih-Weih Hung
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Sheng-Tang Wu, Wei-Te Fang and Yuan-Fu Liao

4. Evaluation of TTS Systems in Intelligibility and Comprehension Tasks
Yu-Yun Chang

Oral Session 2: Machine Translation and Word Segmentation
Time: Friday, September 9, 11:00-12:00
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Yi-Hsuan Chuang, Jui-Ping Wang, Chia-Chi Tsai and Chao-Lin Liu
3. Unsupervised Overlapping Feature Selection for Conditional Random Fields
Learning in Chinese Word Segmentation
Ting-Hao Yang, Tian-Jian Jiang, Chan-Hung Kuo, Richard Tzong-han Tsai and
Wen-Lian Hsu
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Oral Session 3: Lexicon, Resources and NLP applications
Time: Friday, September 9, 15:00-16:00

1 B4t BN f 2 A6 &
You-Shan Chung and Keh-Jiann Chen
2. Predicting the Semantic Orientation of Terms in E-HowNet
Cheng-Ru Li, Chi-Hsin Yu and Hsin-Hsi Chen
3. ERmERREAETFFARMFY
Chia-Hui Chang and Sean Lin
4. Frequency, Collocation, and Statistical Modeling of Lexical Items: A Case Study
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Invited Speaker: Haizhou Li

Machine Transliteration - Translating the Untranslatables

Abstract

Machine transliteration is the process of automatically rewriting the script of a word
from one language to another, while preserving pronunciation. The last decade has
seen a tremendous progress and a growth of interests from theory to practice of
machine transliteration. In this talk, I will present an overview of the fundamentals,
algorithms and applications, in particular, transliteration between English and Chinese.
I will also report the findings in the most recent transliteration evaluation campaigns -
NEWS 2009 and NEWS 2010 Machine Transliteration Shared Tasks.

Biography

Dr. Haizhou Li is currently the Principal Scientist and Department Head of Human
Language Technology at the Institute for Infocomm Research. Dr Li has worked on
speech and language technology in academia and industry since1988. He taught in the
University of Hong Kong (1988-1990), South China University of Technology
(1990-1994), and Nanyang Technological University (2006-). He was a Visiting
Professor at CRIN/INRIA in France (1994-1995), and at the University of New South
Wales in Australia (2008). As a technologist, he was appointed as Research Manager
in Apple-1SS Research Centre (1996-1998), Research Director in Lernout & Hauspie
Asia Pacific (1999-2001), and Vice President in InfoTalk Corp. Ltd (2001-2003).

Dr Li's research interests include automatic speech recognition, natural language
processing and social robotics. He has published over 150 technical papers in
international journals and conferences. He holds five international patents. Dr Li now
serves as an Associate Editor of IEEE Transactions on Audio, Speech and Language
Processing, ACM Transactions on Speech and Language Processing, and Springer
International Journal of Social Robotics. He is an elected Board Member of the
International Speech Communication Association (ISCA, 2009-2013), an Executive
Board Member of the Asian Federation of Natural Language Processing (AFNLP,
2006-2010), and a Senior Member of IEEE since 2001. Dr Li was the Local
Organizing Chair of SIGIR 2008 and ACL-IJCNLP 2009. He was appointed the
General Chair of ACL 2012 and Interspeech 2014. He was the recipient of National
Infocomm Award of Singapore in 2001. He was named one of the two Nokia
Professors 2009 by Nokia Foundation in recognition of his contribution to speaker
and language recognition technologies.



Invited Speaker: Lee-Feng Chien

Opportunities and Technology Challenges for Search Engines in the
Mobile Internet

Abstract

The web started on the PC, within the recent years it started arriving for mobile
devices. It will soon arrive for many other types of devices we haven't even thought of
yet. This is going to open up some pretty amazing business opportunities and
technology challenges for search engine development, and online marketing that can
seek to promote businesses by increasing their visibility when users access the mobile
Internet. So what I'd like to do is walk you through some of the macro trends that are
converging right now to set us up for explosive growth in the mobile Internet over the
next couple of years and then walk you through some of the technology challenges
that await those who understand and invest in -- or at least start experimenting in --
this area.

Biography

Dr. Lee-Feng Chien is working with Google as GM of Google Taiwan and
engineering site director of Taiwan/Hong Kong R&D center. He is known for his
work on Chinese natural language processing, has researched Chinese analysis
systems, language models, speech recognition systems, and search engineering
technology for many years. He has served on program committees for major
conferences and journal editorial boards in the related academic areas, and is the
author of a hundred of technical papers. Prior to joining Google, he was research
fellow and deputy director of the Institute of information Science, Academia Sinica,
Taiwan, and also jointly appointed as a professor of the Information Management
Department of National Taiwan University. He received his Ph.D. in CS from
National Taiwan University in 1991.



Invited Speaker: Jingbo Zhu

Some Issues on Statistical Machine Translation Using Source and (or)
Target Syntax

Abstract

Machine Translation (MT) is one of the oldest sub-fields in Natural Language
Processing (NLP) and Artificial Intelligence (Al). During the last decade,
syntax-based approaches have received growing interests in MT community, showing
state-of-the-art performance for many language pairs such as Chinese-English. In this
talk, I will present our recent work on syntax-based MT, and some approaches to
performing translation using source and (or) target syntax, involving string-to-tree,
tree-to-string and tree-to-tree SMT paradigms. Also, an empirical study is shown to
compare the strengths and weaknesses among various syntax-based SMT approaches.
Furthermore, several interesting issues are further addressed to investigate what the
major problems in current (syntax-based) MT paradigm are. Finally, 1 will spend a
little time to introduce a new open-source SMT toolkit (hamed NEUTrans) which was
developed by the NLPLab of Northeastern University, and our current efforts on
incorporating syntax-based SMT paradigms into this open SMT platform.

Biography

Dr. Jingbo Zhu is a full professor of Computer Science at the Northeastern University
at Shenyang, China, and is in charge of research activities within the Natural
Language Processing Laboratory (NEU-NLPIlab, htttp://www.nlplab.com). He
received his Ph.D. degree in computer software and theory from the Northeastern
University in 1999. He was a visiting researcher at the City University of Hongkong
(2004) and ISI, University of Southern California at Los Angeles (2006-2007), and
was selected by the Program for New Century Excellent Talents in University,
Ministry of Education (2005). His research interests include machine translation,
syntactic parsing, sentiment analysis and text mining. He has published 100+ papers
in many high-level journals and conferences including IEEE Transactions on
Affective Computing, IEEE Transactions on Audio, Speech and Language Processing,
ACM Transactions on Speech and Language Processing, ACM Transactions on Asian
Language Information Processing, and ACL/EMNLP/Coling, etc.
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BT SRAFA > BRI LRI HIBGRE 412 (Gradient Descent Method)fi Fp,,. (A) #4s—fll#fE

F

Perc



1 Initialize all parameters in the model,i.e. 4, =1 and 4, =0ford =1,...,D

2Fort =1..T whereT is the total number of iterations

3 For each training sample (x W, ) i=1..L

4 Usecurrent model A to choose the W, from GEN (x, )

5 Ford =1,....D

6 id =A4,+7n- (fd (Wl.R )— fa (Wl)) where 7 is the size of the learning step

i — ~ A AHE A 12]

PSR BN R 2 0 A, 43 BISRBSY > HTR Fo (A) T REAEAE R 2 o 0 dit £ % (Local
Minimum Solutions) > [fi{sd FFEE T Fekall ek AR e ﬂz‘a% Ik Ef#(Global Minimum

Solutions) « [NIEL > JEAIEHEHSNEIRIE T {4 (Stochastic Approximation) » NI —
AJRIRER R R HER R 2 B IR SRR R 2 B e

Ay =2, - (Scordw*, A)-Scordw,", A)- (£, W) £,W;) @)
Horftp FELEA M (Leaming Step Size) « [ T 2R(4) HATEHAHE T S WO 72,2
)-

o 2K B W ScoreW, A)-ScoreW A) T o ¥ E B LB
=1 W)= £, W) e sm s e e 28 - HLSs Al — o -

(1) ~ i/ MESHRRT [ BRMERT)

I/ IMESE K F R (Minimum Error Rate Training, MERT)/E4F 2003 23 Och[13]#¢
tﬂ’jﬁﬂﬁﬁﬁf *ﬁ%“”%ﬂﬂ;%(Machine Translation)fE s, H 5 £F 2008 4-H1 Kobayashi Z£2.75[14]
H B/ IMESERRARFN R T A EIRE SRS P o FEFTIARE S WEsiRy - LI kHE Al

ﬁ?d\ﬂﬁﬁﬁ%‘ BRI E AR M (R EEEE P41 2 SHEeRIT A - FEbHat—
{I EIEEE S BRI R ) &

MERT ii M eXp(Score(W k’//i’) Score(VViR,/l))ﬂ
e Zexp(Score( ) SCOFe(WR,ﬂ))ﬁ

j=1

Hotf @, BEREIFESIW,, ((5538K Brror Rate) ; T 8 F—ZSUHLBEL - i1
WELHEE > T DU R G) T explScore(W* A) SEg LI :

(&)

~.

LM @ exp(Score(W,, Jv))ﬂ
MERT z L k (6)
i=1 k=1 Zexp(SCOl’e(W, ],l))ﬂ

=

PO ST AR —HERF R 2 WA, miioD - 15 HEHHE

uL

tm



A=A+

L ieXP(SCOW(W,p/i))ﬁ(fd (‘/Vi,k)_ Ja (VV” )) %
”Zzww,k 'IB'eXP(SCO’"e(WIi,k’;L))ﬁ L= " 2
i=l k= (Z exp(Score(VVi,j' , ﬂ))ﬁj

Horprn REAED SRR B BT ] DURs e/ IMESE KRR T 850K @, iR — TR AT E
(Sample Weight) &3l » FHXE/%“J!:*M@EJEZ?UW,kﬁﬁ’\fﬁ* I S B T
S -

3~ ERACHSUGRITARER
(1) ~ 3l AR AN (GCLM)

S bl et A BEOR E A5 (Global Conditional Log-linear Model, GCLM)#¥ R 4F H

RGE S R AR P 2007 A Roark Z5 22K (4] DT FRIREERE(Weighted Finite State Automata,
WFSA)ET’E IR A B MR B R EE B RS SR BT PR b itz H BRI
BT EERS -

IR A ORI A ARG E — HURE ST x, BRIy M i (e y
SIGEN (x, ) » HorP e AR R R 75 | SR PR ] DUBRA kAT - 7B
ERAL RHRIRR RS -

Foonn ()= Y log - (Scorelw . ) ®)

M

i=1 ZeXP(SCO}’e(W/i,j’/?’))

J=1

B3 T HEGR R (Overtraining) » FoA"AT LALE HASERBL Foeon (A) T E— (ke SR 2280500
FH(E = HTEE i #E (Zero-Mean Gaussian Prior Probability)JH :

L R AP
Foeim (/1) = ZIOg MeXp(Score(W /7“)) ” ”2 ©

i=1 Zexp(Score(W /1)) 20

Jj=1

KBS Faepy (4) B3 —1™1i#8(Convex Function) » PA{JH AT USRS 2 fek i (:fi#(Globally Optimal
Solution) » FyRAHRAERERERESHR A - B(DEHEHS HER RS WA, MR
53 PRHEREE R ¢

exp(SCOl’e(VV[,k d /1)) Ja (szk ) - /l_dz (10)

(o}

A, z+nz()i

i=1

exp(Score(Wi, i /1))

Ma

J

1l
_



(2) ~ HEE A IR A A A MR (WGCLM)

ANEA DI G U R M A (GCLM) » Oba SEELF5[ 15141 2010 AFFEH R ARER I
AR U AR R T R B — M 5 SR /-850 b — AN (R
> HSRETRIG— R 251 YA IR B SRR PL R i EE o A e U Bt
PEFE I (Weighted Global Conditional Log-linear Model, WGCLM) - #atjE5E6 » 15— ot
FlfFIW, B S (A TERI B ARE T @, ¢ ARIEAN A BB ARE FR AR TR — e 3
%ﬁlﬁiﬁﬂﬁfﬁi\a@Eﬁ’*” SRR RIS B« FCk A B T 2 -

Zl exp(Score(WiR , /1)) (11)
z @y, exp(Score(W,.,j,/i))

j=1

WGCLM

Al £ 7R AR S AR > AR IR > e T ] DUINA— (5%
Yy v i S AR I e E e A G B M AR e A B

Fuoaul 21 exp(ScoreW,2)) A (12)
2
>, explscord, . 2)) 2

j=1

RS —HER R 2 A, MRt > 15 HERAR R

~

@y, exp(Score(Wik,/l))
@y, exp(Score(W /l))

SN—

AU B (13)

-2

1

/id :/1d+77'z f(VViR
i=1

M
k=

Ma

.
]
LN

fEfe— e ’fﬂﬁéﬁﬂ’]% s TR EHE TS ER R i T T LIRS
S T A I S8t i R A T

4 ~ FEEEA] MR BER
(1) ~ s e e #2 5 A (R2D2)

IR U SRR R (GCLM) J I S S (K A 7 9 A S S R P R e Sl
ﬁ? Oba SFEL S A I B U R M E B R S R 5 AEalIk H AR P =5 5

T AIBREE A P A 28 5] o A1 i Ih o FET R BRAR - DRI AT i S H o s o8 o g 1) s
(Round-Robin Dual Discrimination Model, R2D2)[16] - i £ 5 g 1] A n] D B S 4
SR AT R MR (GCLM) Yy — e {5 BRI FS=5 e 1 e e i 285 Fo Y R b TRy
B (R HAEA A i — i ALRE T o [EIRE > JERUAHE T =0 A I (A = Y
(WGCLM) - it 8 d i i [ CRARU T RRASE R

G exp(O’la)W )eXp(Score(VVi,j,l))
R2D2 Zl og

2 22 (14)

== eXp(szw )eXP(SCO”e(VVi,j”i))



Hrp s o Bilo, BEWZE - FHFER > KNADSHEHT—HEREREE 2 A, MR
ENEN EO

M=

2%&@&%{ gnWﬂﬂ

i=1 Shy , 15
Z:;ZA (15)

Jj=1j=1

.

J

]
LN

where A = exp(Score(W

y )— Score(Wi’j/)+ 0@y, — 0,0y )
(=) ~ #EHAEE AL R

~

Et I RA (Perceptron) & LU/ NP 7 A R HAR 1 - 7 PR 0 B sy e e
F 9 B i (R0 il P 5 (IR Z2 2 5l DI 3 B 5 Pl INBRA T 5 SR il
TR A g H B R 73 B R Y el Y B AR SRR o 51 Z IR R PRI FL— kA
(Generalizatiom)HJREJJ AR » TRA Sk & AT EH/IfR(Over-Training) Y HIRE

PRI R - e IMESRSER AR MERT) RS e A7 S af 2 WA A U (g
Al [ H IS RRR I LAl N - DXL > AR AR - EAME S fa 0 S = Sl
Eep 4w p R SRR | I S il o - QU A = | | R @S R ST NS g i =
(EALNESIAIRE B T By SEEHERRRAY R AR -

IR AT RO R AR (GCLM) RIS AR B 77 SR B AR S ARG P S R R 1
SRR DN g o U R M R 25 R B AR R ) [ S B L P A i
FeAIRIRRR - IR — iR A RE T EL R SRR AR AT » Ll N A s A AR 1]
REHEH -

AR QA g O P U B M AR (WG CLM) J& kB (U R PR AR R (GCLM) 2 A8
{ > ZERH A (I R T U G B > R Z 58 T AR @, > HIE
e BRI AGEEE R PP S IS R ARA NIRRT - BT o] DU AR — {35 Fe AU SRR
(EHRFALE) ACE M FILERAHE S SER B sl ki - T SR B ~ 52
L TRUBOR -

4 g SRR (R2D2) L o % AR U X S BB (W GCLMBR( > 1 T
BRSS9 o TP S S N7 e o3 4 B 58 T
Ak explo, @, ) RRIFIEETRIE PRI A S8R (SRR D BB
R IR A B - DR ER i e g SO 0 T s R L = e
F: BIERIIBRAR - A7 LA R ML i 5 BRI

=~ EPEREAZERGEE S EA(MDLM)
AP ACHT 2 S S B = BOUHE T R B - U1 £5 7 gt
A BRI 0% - (E RS AR B R PR T ARG R R R e

(1715 534 » AT ER A N I RHo 8 5] o S Y SRS R B A R A P O R R S50 Sy
O CaE SR ] - Sl oGal 5 R A sl - S E TR DRIy - AL

10



S5 YIFTE SERRE S AHBEAA8] - AEAGR SCAURFFEHE - AT 7 s i
(Margin) & FARIIERI19, 2005 H 51 GaE = AL FIIBREREEIT © R RHERIBGEE &l
DA — Ml 25l 155 E Y il iR T BEE - B8 i’@iﬁﬂ%mn}llﬁﬁi’?ﬁr(ﬁﬂﬂﬁﬁn
JPH) A L B BRIGNIRR » AE0E - FRATRSCRIRE AR > R 3 A
iR H R A Bl Gl S A

(—) ~ EFEEANER]

SRR A AR ERREE I vk H W B I I S ) U R A ok L E M IR
k- Eﬁé?‘ R R AN T DAREECHIRAIRETA] > 17 SERESTS B AR 22
80 BETHHRRAIERENE © BIAT - F KB PR(tHIE N (Large-Margin Estimation, LME)[19] ~
FNEEPE LA (Soft-Margin Estimation, SME)[21 157 /2 B {2 B s At HIlE A rh iy
IR -

I A A A F A A R EE S A > HE AR e R K2 (WS R
KB fee 35 51 (Reference Word Sequence)WRéﬁiE HREfEERAR W, LB
W SRR Y W R Bl e T RE l?éfEn]EZWUW, ORI 5 R
A7 b oS0 72 SRR 15 0 fE 22 F5(Separation Margin)”

7(x.)= Score(WiR )— max Scorg(Wh ; ) (16)
W =W

Hif1 Score(WR ) B2 3 FEHIOTERTHET 8 5 ScoreW, , ) BB A0 T
50 - L6 T » 75 elx)> 0 » Fo 568 I B3 = R A A x, T
FEF) MG 9 TR > T DU T 30 W S e 0 > BT DA
EATHBBSS A FRBAMRID) © 12,2 > Folx) <0 > IR EREGRIEHESARIDIIE
S HEFE O BN A ISl B I ) » R A S R 3 sk 7
EW&Mﬁ% o AR RIEERE T BT e B R x, xy0nox, |
Fe—AH 2 f2(Support Set) :

Soe =1%,10<7(x,)< e } (17)

ez A EE > WD APERS R LT A L S ARG R HIE S B RGBT
F R KBS0k ) 7 25 17 B R B AR ARk AT A S s KA SR B i B/ N e
PR019]

FLME(/i):xg}glLEET( x;) (18)
FH=CA8) AT A > FISRIRE P 22 I AR EE A A B BT HE e n DA HE R 2 5 e
sl Py FlREER) > T HE RRIREE A B HERRAER R 2 - AERER b > AR AGE
fHINERNR T EHATIRGE R o EfEs S e K - (R SRRE S A o B — L RE
S— 5 KA s AR E?#?k?%ﬁm@*ﬁﬁﬁﬂEﬁﬁk{ﬁ#}#uﬁyﬁiﬁi ¥ KNI
B AR RE S AR REERE R #%E B S R ARG E A E SR e 2 IR A
PRI > & w158 Al =URE 5 R G R 1% S R kR B T B AT PR GE I A A &
FRE PR o AR BRI > IRl a R
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B T R i RO A A e S AR SR r A S n U R BRI » T i RO B
{57 HIJ(Soft-Large Margin Estimation, S-LME)[22 g HEH A8 It — [ RE » ek Koz
B A AR B FE e n] DU E e 3 22 2385 v L A RGE R AN A Z & B
HAlRGER S E#% 17— EERREE(Error Set) :

¢ =1{x17(x,)< 0} (19)
FEE SCPREEHIGEIREE » M B IRE B M T HASE R 522, 23] -

Fy 1y (4)= min z(x 25 (20)

X,E€S1ME ¢| xep

Rk R T SRR I RS, » SR T 25 5 20 i R g [ Ak
e FEQ0) axeﬁlEi%i“;& FH A2 AP oAt A A ket i =R A 2
B 5() PR S REFEB22]

S(x,)= max, (Score(WiJ , /1))— Score(WiR , /1) (21)

1

NIFA BRI S

ARG BEAHRE I 3 58 T Bl 2 Bsinr (2 (17)) H S HE 7 v DA A 38
9«%@&5}5@%241% H) o WIEEAME RN T BEE B HHTr T A IRE S Gk

AR S - BRI AR A 1 =R — AL RE IS 2 A A B R Z B
ii: F B BRI (Soft Margin Estimation, SME)HIE #5 FH % e R F ST » REBELHE
ik B RR IR RN 222 5 3850 91 i BT BRI 43 B8O J2 i )0 — o i [ P Y Rk )t —
HYIAFE & > AEHlIGEE ) LR -

TP B R IR H R ANRHR AGZ B HRE Rk » 7 S R ARG Y
IINTEEEIE > FERE R MRS IR A E 22 SR SRR R RO LLBRE > A T — %2
% & (Slack Variable) & :

Ssme ={x 1-¢ < 7(x;) < &} (22)

Forh & R — AR F A B - SR LRt i RIARGE AU LR R - &
AERH S IR A & o PR B E R A N E AR

Foye (A)= min z(x;) (23)

X,E€Sove

(2) ~ FEFOE AR R GE

HHU

& (MDLM)

FH_E— YRS ]I 25 B i S o Gaf 5 By - sl i 5 22 4
B i A 857 51 Z IR BR PREZIRA16)) = Azl B BUR T B2 IR E F 25
sl -8 Bl e el - 51 IR BRI 5 Sl HL S —D Ml > AR S SR ARI - [AIIRF
T AIRGE ) L2225 (0850 e 5 Bl i i AR (e P Y USSR i - AE 2 fd A —
flélfioe 32 5] o 1B 225 Gl PR RO BRI GR R > AMEE n] DUBRRANBRGE LA R YR - 5] DAGE
fﬁ” /EJ"JT%ET%’?”EI’J fALAETST o FAMIFr A U 3 220 e SR 225 (B

R (B i 32 5] e 5 B 5325 o 1R L AT 0 BB PR AR - = A — 2 > W] LA

12



1 Fort=1..T whereT is the total number of iterations
2 For each training sample (x,W* )i =1...L

3 v, =0,j=1.N

4 Forl< j <k < nwherenis the N-best

5 if(Score(Wiﬁ )— Score(Wl.,k ) < T)

6 v, =v,+1

7

v, =v, —1

. N
8 ﬂd:/ld+77'zvjfd(vvi,j)
=l

lie] — ~ BB B (R S R L
AR ECETHE 10 3850 Fr S IR AR VA AR R SEIMT BT - =GE B B R« AN s e
AL AR S 1 5 = /5 (Margin-based Discriminative Language Model, MDLM)
HOBEE LA AN s o
Hi o B EEER e R ¢
Ty W, ;)= ScoreW*, 2)~ Score(W, ,, 2) (24)

oW, )> 0 o i T R 2 o OB AT LU A 51 W, e W, i
W 22 A5 TW, )< 0 » HIZREH Gl R R ) 3 7512 BT 4 Wl )
W, A BRI 2L R SR A SR - B » P17 25— S92 5 (Support Set)

Sypim = {Wz] | Tyvprm (WU)S 71'} (25)
Hrp oy @ EAISGEE PR  fEAGmsc TR

V.= exp(a(max Wy — @ D (26)
J g d

o 2 AHEBRINC @, FW, IS0 § o, PRSI, OSSR ; i
By, S et i RS T) » 34 3 el ) W, st e
R BERTFHIW, 5 7, (IR - i » RIS R R B =
F AR I S BB A I B B R T
GUSLE AR MR TR - W LSS » 5 1 kit
 ENOBEEICE - Bl > K5AKC4)  (25)9126) » IR I ARt = B
i R %

ZL: z (TMDLM (VVIJ ))2 27

&
=
S
=
g 4

R M B ) B BT RS

13



EEE STz ZN

W @,

ij

HIEZEW AR

Perceptron

MERT

GCLM

WGCLM

R2D2

MDLM

e~ HRGE S UL A L

jw :ld - Z[(TMDLM(W;,J')_%)'(fd(mR)_fd(m,j))] (28)
W, ,€GEN (x;)
&W; j€Smpim
HHE B ENEEENENZGE S B (MDLM) H A sk R 2 H RN A A S

B H i NPT « ORI IR SR R I SR B R e e 4 Bl 2225
Al 373715 B B N T IR S S G S A AN S P B i U e
SR LT EEE R ILE - e 1 2255 I Y B E s 1 L R B
R INEEANEGUEA IS TR ST BRI BRI TR - F45 > R PTG R R Y
PESME L - (S22 BRI EORE 2 - MG L e 25 G T PR AR
W GRE S AL A S EIRE R DI -

(R > LA B2 = R T LA R s i+ 1Bk T-(28)
T Ty W, )= 7, 25065+ BT FRTAL

A=A+ Y (nwr)-r.w,) (29)
W e )

LR AU RGEARRIRR SRR IS e (R R R L & -

FIFIER— AT A G 505 | AR BEFYZ R TR 33 U 5 1AL (MDLM) Bil e 3 1) 24
A i A I LR 0 » L > =5 fa B AR E Y St SRR, P AR AR AR B
SR NEIRES) S EERENRIE 7 RS RN TN -7 RNTIE 2 Sy (I X FA i S B | il
B o AESEPUBTE B R - bRl o S MR (GCLM) S B A a2 U
SR (WGCLM) AL » A B iR AU B PR I T AR > I
it AR kAR TR A MR » R HEHIE R AHE B = B ORI R _EAYRE 2 A 1
) -
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okt RIECINE)
[T 1923

EAdEE ity 1.5
HIEASEAR #3 1.5

# - ERTRT

P B MESERRTI R MERD) H AR A S RS RR 5 W, £ H 22
5 AR > (A AN AR R ol R A st R R R 2 1538 e b AR SRRl
1 NG MESER ARG A B ER— M (LRETT ¢ SB35 % (Perceptron) >
RS ERIBR(Overfitting) » (SRR —f (LRE JHGE -

AERRR S E > A R 24k Bl H AN » 1A AN R IR TR A RS o R
AR RAAER BRI > 5 B8 IR AE(BOR SRR i (R A 38 5 [ S T L HIE 70 e
AP IR R © e/ IMESERRARFIR ~ IR U S PR ~ A 2T
AR PR RA SR T > g T IEME (O SRR i O e st 4 | B H
flps3 ] 371 IR - i B it VB RL(R2D2)JE 5 B8, 1 AT feednnl FP 51 [z L
FRBRR o DAIEEAERIRE R - il o i 51 SR R RS R R R R ey » AHRCT
I e E AR e g R e

VU~ BB R R
(—) ~ HERERR

AN G A H B GE OB H 4 i 8 B (Mandarian  Across  Taiwan-Broadcast News,
MATBN)[24] - i #TEREEHE 2001 422 2003 A= B & AT 155/ ME(SLG) $2y
LB ECPTS)GEREL > 5 7 NS B S N B Wi i 5y b NS B - 7%
ekl > N ERERME S IR RLE (Field Reporters)iE E aE R HELAZ 5/ # (Interviewees )55
HER -

HH A P 5 25 308 SRORE RS 23 28 B A ] — E R AT 8 > £ T E 98 5 5 AT 4K (Speaker
Dependent) G581 B Bl 2 - ORI ERERERE - SN 235w 0R - NIRRT
Lt ST o g o PRI AR ¢ IR AE SR B BRI SNSRI R
Atk o FITRERREORL ~ TEASEAT L S R ARV R B I T[] 2001 4728 2002 47445
IRAARLAE > 7S 30,600 AJ(FF 23 /INKF) ~ 1,997 £J (i 1.5 /INKF) e 1,998 41K 1.5 /]NEF)
RPN -

el S Ay = EE S A5 (Trigram Language Model) » #2 ] Katz Back-off Smoothing
Pyt bR E R R G R RE o HFIBRGERIRE 2001 42 2002 4FH U@t
(Central News Agency, CNA) AL HERER » A5 (B T E i -p a0y AR
)\ T-Ea - a5 S BRAUZ(H ] SRI Language Modeling Toolkit(SRILM)[ 255/l
E

BAMPAIEHE kA (26180 7 7 S —olaf 5 B 5 B4 A il /=5 (Word Graph Rescoring)It)
B FERG RIS FE PR (Baseline) - ‘EAEAIMERRRR] ~ #8 IR HEASRRR R
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25 2GR = A AllRER(%) FEEER(%) HIEASR(%)

Perceptron 8.20 14.14 14.99

MERT 10.48 14.27 15.33

GCLM 10.61 14.62 15.88

WGCLM 10.38 14.39 15.39

R2D2 8.76 13.39 14.23

Fe =~ H G0 S R L B B
W 4232 (Character Error Rate) 73 HIIEs 11.26% ~ 15.27%E 16.39% - i H. » FAHkEE
FLRE sk an 72 AR HYRT 100 fieisd( M =100 )WHEaAs S - 8 =CEE = AR ke
HIEAGERL -

(=)~ AR S AR B R R

B Pl Eui A A A B A GE S AR R B aaE AL BT HRY > ST iR
HYPHERR SR AR = PR » BT LA R =82 > ANESTRTEEEI - A ERNA
(Perceptron) (£ FI[RAFRE L AZIIER S e AR 1 oGah = AL - (EAEIER R &
SRR EAT IR BTSSR, » AR B s AR - DA e B i G = U (R2D2)
SR I S R SE R AR RE SRR T 5 il 2 A B fesdEan] P 4 1 o [T R R
RS AR A IR R BN - SR i —ie e

(=) ~ EFOSEREA . #E 0 GEE S R AR B i R

NG iiﬁﬁ%ﬁzﬁﬁ’\ﬁ% S 2 GGE S B (MDLM) R a6 # ek < B it SR AR
PURR o B PeffEbl U A SR SRR e 2 3

® §jiENI(MDLM-D) : S MDLM-D {Wz j |TMDLM( 1]) 7}

® IEESHBIIERMDLM-CD)  Sypyco = W, 10 2o W, )< 71
® [HERI(MDLM-F) & Sy r = {W] | Tyipia (VV”)S ,0} » Hrp p 2 —EIEE

® IERE A EHIMDLM-CF) : Syp e = W, 10< 2y, W, )< pf o o1 p (i
EEH

b IEEH o BOERS 5 - BT BIRERINYH 5UaE S B ER R SR R SR 1S
6.09% > HEALRAHEA 7 SRR 14.10% » i [ e RIS GEE = AR BRES A B
FHIDELS 5.18% - WRERAVHRATEBEE 13.91% © L » A fEallRERacilale: -
o I B R 5 U8 5 SO PR AT R SRR AR BRI 5 U - (4
e FATRE R SR BRI A B hL P HLAE IV ERRIREERE » (HAATasE
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AllRER(%) FEEER(%) HIEASR(%)

MDLM-D 6.09 13.37 14.10

MDLM-CD 6.69 13.38 14.20

MDLM-F 5.18 13.25 13.91

MDLM-CF . 13.98

DY~ FEROEIR 3 A GE SR B R
AllBREE (%) TR (%) HIEALE(%)

MDLM-D 5.97 13.34 13.96

MDLM-CD 7.01 13.38 14.00

MDLM-F 5.56 13.35 13.78

MDLM-CF 5.86 13.30 13.87

KT F 8 R IR BRI 5 LR AR B R S 2 B S Gl S AL

alFlRE Y, - & EER e E H - AR SHEARAGR R FE A T -

e QURFASE 2D PRI FE B2 AN 0 Byl 4 R sk (A
LA FEBRE R (MDLM-CD) S 1 fifg /3 JE [ 72 U (MDLM-CF)) - BB R AR VYA -
A B RE R H 51 Gaf S AR AR R SR 1S 6.69% A IR M,
TR 14.20% o 1117 bR A e R B P URE = A RREEH R S5 R 15
5.49% > HFREEAUHEA TSR 13.98% © [AlfRHl » (B [l A 5 oUE 3 SR SR
JESERSRE AN BRI T NSy - S34%  (EISEERYE » (R EEZ R 0
FHBEEERA] e S SRR > AN SRRy HORTIR - AT HE P ATREHI A 2 5 N
1y O Bl A I R H P ORI 25 Gl i R BSR4 AR AR S 2
fossa Fr 5 B R A5 > RIS (GE S R ER RAERE - w] R S SRR
A2 LIS 225 s 4. s R st m e 41 - At B e ieaE S
AU IR -

FHEH I E 2 2 GE 5 (20 E =) » TP AL OB B E A 3 Gl S R (R
R VURA RN SRR 2 5 OIS AERIRER ~ SRR LU EA SR A i (A e ot
e o AT (A2 B AR BRI i 5 A GE S AL e S Ts A EITE
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Abstract

In this paper, we develop a series of algorithms to improve the noise robustness of speech
features based on discrete cosine transform (DCT). The DCT-based modulation spectra of clean
speech feature streams in the training set are employed to generate two sequences representing
the reference magnitudes and magnitude weights, respectively. The two sequences are then
used to update the magnitude spectrum of each feature stream in the training and testing
sets. The resulting new feature streams have shown robustness against the noise distortion.
The experiments conducted on the Aurora-2 digit string database reveal that the proposed
DCT-based approaches can provide relative error reduction rates of over 25% as compared with
the baseline system using MVN-processed MFCC features. Experimental results also show that
these new algorithms are well additive to many noise robustness methods to produce even higher

recognition accuracy rates.

I. Introduction

Most of the state-of-the-art automatic speech recognition (ASR) system developed in the
laboratory, in which the speech is not obviously distorted, can achieve excellent recognition per-
formance. But in the real-world application, the recognition accuracy is seriously degraded due
to so many distortions or variations existing in the application environment. Particularly speak-
ing, the environmental distortions can be roughly classified into two types: channel distortion
and additive noise, both influencing the performance of an ASR system a lot. The channel dis-
tortion occurs when the speech signal is transmitted by electronic devices or transmission lines,
such as the air, the telephone line or the microphone. The additive noise is like the “shadow” or
“background” existing in the environment, such as car noise and babble noise. Noise robustness
techniques have thus received much attention in recent years since they are so important in the
applicability of ASR.

One school of noise-robustness techniques is devoted to compensate the original speech fea-
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ture to reduce the effect of noise and recover the speech feature back to its intact state. Typical
examples of these techniques include cepstral mean normalization (CMN) [1], mean and vari-
ance normalization (MVN) [2], cepstral gain normalization (CGN) [3], cepstral shape normaliza-
tion (CSN) [4], histogram equalization (HEQ) [5], higher-order cepstral moment normalization
(HOCMN) [6], temporal structure normalization (TSN) [7] and MVN plus ARMA filtering
(MVA) [8]. However, the main purpose of the above methods can be roughly divided into two
parts: one is to normalize the statistics of temporal-domain feature sequence and the other is
to further reduce the mismatch by enhancing some components which are not easily affected by
noise. For the latter case, the discrete Fourier transform (DFT) is usually used to be an analysis
tool for obtaining the modulation spectrum of temporal-domain feature sequence. Therefore,
we can deal with the modulation spectrum explicitly or implicitly in order to obtain the robust
temporal-domain feature sequence.

In this paper, we present two novel methods to improve the noise robustness of speech features,
hoping to promote the resulting recognition accuracy. These novel methods take advantage of
the discrete cosine transform (DCT) [9] to analyze and cope with the temporal-domain feature
sequence, which is quite different form the conventional DFT-based methods. As we know, DCT
is widely used in many fields, such as image compressing and coding. However, it is less used
for robust speech feature extraction. Especially, to our knowledge, there are little research that
directly uses DCT to analyze and process the temporal-domain feature sequence. Therefore, the
proposed methods in this paper are both innovative and valuable.

The remainder of the paper is organized as follows: Section II describes an overview of DCT
and the effect of noise on the DCT-based modulation spectrum of speech features. Then the
details of our proposed feature compensation algorithms based on DCT are described in Section
ITI. Section IV contains the experimental setup, experimental results and discussions. Finally,

concluding remarks are given in Section V.

II. Brief introduction of discrete cosine transform (DCT) and the

effect of noise on the DCT of the speech feature streams

Discrete cosine transform (DCT) is a Fourier-related transform similar to discrete Fourier
transform (DFT), and it has been one of the most powerful analysis tools in the field of signal
processing. Basically speaking, DCT expresses a sequence of finitely many data points in terms
of a sum of cosine functions oscillating at different frequencies. DCT has been successfully
applied in many aspects of speech analysis, like transform coding and speech feature extraction.
It transforms the input signal from the time domain into the frequency domain, which highlights
the periodicity of the signal. Besides, in speech feature extraction, DCT plays an important role
in reducing the correlation of features and thus results in a more compact feature representation.

In the following, we will make a brief introduction of DCT, and then investigate the effect of
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noise on the DCT of the speech feature stream, which serves as the background of the presented

methods in section III.

II.1 The relationship between DCT and DFT

DCT expresses a signal in terms of a weighted sum of sinusoids, which is similar to DFT.
However, DCT has some peculiar properties that are different from DFT. An obvious distinction
between DFT and DCT is that, in analyzing a real-valued signal, DFT uses complex sinusoids
(including the cosine and sine functions), while the latter uses only cosine functions. As a
result, DFT often exhibits complex values while DCT real values only, indicating that the DCT
coeflicients are either 0 (positive) or 7 (negative) in phase.

It can be shown that the DCT of a signal x[n] equals to the amplitude part of the DFT of
another signal y[n| given y[n] is an extended version of z[n| with even symmetry. According
to different arrangements for the even-symmetry condition, eight DCT variants can be defined,
among which the type-II DCT is probably the most commonly used form, and is often simply
referred to as “the DCT”. Besides, the inverse of the type-II DCT (IDCT) is just the type-III
DCT.

For a finite-length real-valued sequence {z[n]; 0 < n < N — 1}, its DFT X[k] and DCT
(type-II DCT) C[k] are obtained by the following two equations, respectively:

N-1
DFT: X[k =Y a[n]e ™", 0<k<N-1, (1)
n=0
1 iy T
DCT: == ~_(2n+1 <E<N-1 2
CT: Ck] muk;x[n]COS(zN( n+1)k), 0<k< , (2)

where pp = 1 and p;, = v/2 for k > 0. Besides, X[k] and C[k] are related by

{ X[k] = 2¢73v C[k] , 0<k<N-1 )
X[2N — k] =2¢793vC[k] , 0<k<N -1

It can be shown that the inverse DFT and DCT are:

N-1
IDFT: zfn) =+ 3 X[k % | 0<n<N-1 (4)
k=0
and
N-1
IDCT: «¢[n|= \/LN > wClk]cos [ (2n+1)k] , 0<n<N-1 (5)
k=0

As shown in eq. (1), the DFT X[k] of a real-valued sequence is a complex sequence satisfying
the conjugate symmetry condition, X[k] = X*[(—k)x] , and thus about one-half (| N/2] + 1)
DFT points are in fact redundant. However, in the DCT case C[k] and x[n] are equal in length,
and in general C[k] is neither symmetric nor anti-symmetric. Therefore, DCT exhibits higher
frequency resolution than DFT. In addition, eq. (3) shows DCT can be performed efficiently via
the fast algorithms of DFT.



I1.2 Properties of DCT

[10] shows the Karhunen Loeve Transform (KLT) gives the optimal performance in trans-
form coding. However, KLT lacks fast algorithms in implementation. DCT compares more
closely to KLT in coding performance relative to other orthogonal transforms.Therefore, DCT
serves as a very good alternative of KLT for coding speech signals. Besides, DCT provides
higher frequency resolution than DFT, and is more efficiently computable than discrete wavelet
transform (DWT).

I1.3 The impact of noise on the DCT of speech feature stream

When it comes to the analysis for the temporal characteristics of the speech feature
stream, we often focus on the DFT-based modulation spectrum. In contrast, the “modulation
spectrum” derived from DCT is much less considered. Since DCT possesses peculiar proper-
ties relative to DFT as described previously. Here we would like to observe the DCT-based
modulation spectrum of a feature stream and investigate the corresponding response to noise.

First, Figures 1(a) and (b) depict the DCT-based and DFT-based modulation (magnitude)
spectra for the MFCC ¢; feature stream of a clean utterance. We find that the DCT-based
spectrum is more concentrated at low frequencies in energy than the DFT-based spectrum, and
it shows higher frequency resolution.

Next, we investigate the impact of noise on the DCT-based modulation spectrum, which is
separately observed in magnitude and phase (sign). Note that the DCT of an arbitrary sequence
is real-valued, which can be only positive, zero or negative, corresponding a binary phase of 0

and 7.

The 512pt DCT—based spectrum of a clean cl sequence The 512pt DFT—based spectrum of a clean c1 sequence
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Figure 1: The modulation (magnitude) spectrum of (a) DCT-based and (b) DFT-based for the
MFCC ¢; feature stream of a clean utterance.

24

50



Figures 2(a) and (b) depict the averaged magnitude and phase (sign) distortions by comparing
the DCT-based modulation spectra of the MFCC ¢; streams for a set of 1001 clean utterances
and its three noisy counterparts at signal-to-noise ratios (SNRs) 20 dB, 10 dB and 0 dB. From
Figure 2(a), the DCT-magnitude distortions increase as the SNR get worse, and larger distortion
components are mainly located in the low frequency region (roughly [0, 10 Hz]). Besides, Figure
2(b) shows that amplifying the noise level (with a lower SNR) introduces more DCT-phase
(sign) distortions. However, in contrast to the case of DCT-magnitudes, DCT-phase distortions
are approximately uniformly distributed over the whole frequency range, with the relatively
larger phase distortions dwelling at high frequencies probably because the corresponding DCT

coefficients are smaller in magnitude and easier to be changed in phase (sign).
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Figure 2: The averaged (a) DCT-magnitude distortions and (b) DCT-phase distortions in the
original MFCC ¢; streams caused by babble noise at three SNRs, 20 dB, 10 dB and 0 dB.

Moreover, here the well-known noise-robustness method, mean and variance normalization
(MVN) [2], is selected to process the MFCC features used in Figures 2(a) and (b), and the
corresponding DCT-magnitude and DCT-phase distortions are plotted in Figures 3(a) and (b),
respectively. Comparing Figure 3(a) with Figure 2(a), DCT-magnitude distortions are signifi-
cantly reduced by MVN. On the contrary, DCT-phase distortions shown in Figure 3(b) remain
significant as shown in Figure 2(b). These results imply the good performance of MVN mainly
comes from its capacity of reducing DCT-magnitude distortions rather than DCT-phase distor-

tions.
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Figure 3: The averaged (a) DCT-magnitude distortions and (b) DCT-phase distortions in the
MVN-processed MFCC ¢; streams caused by babble noise at three SNRs 20 dB, 10 dB and 0
dB.

III. The proposed DCT-based feature compensation ap-

proaches

This section is arranged as follows: First, we introduce two new proposed feature compen-
sation methods based on DCT, and they are termed “DCT magnitude substitution” (DCT-MS)
and “DCT magnitude weighting” (DCT-MW), respectively. Next, we introduce a variant of
DCT-MS, which differs from DCT-MS primarily in the selection of processed frequency range.
Finally, we examine these new methods in their capability of reducing the mismatch in the power

spectral density (PSD) of feature streams.

III.1 The concepts of DCT-based speech feature compensation meth-

ods

According to the discussions in the previous section, the magnitude parts of the DCT
for speech feature streams are vulnerable to noise, and properly dealing with them such as
the MVN process can help a lot. Here we attempt to provide some directions to alleviate the
DCT-magnitude distortions.

Let {z[n]; 0 < n < L—1} be the temporal-domain feature sequence of an arbitrary utterance

for each channel, and its M-point DCT is represented by

{Clk; 0< k<M -1} (6)
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Then C[k] corresponds to the DCT-based modulation spectrum of {z[n]} at frequency f =

k£ in Hz, where F, (Hz) is the frame rate of {z[n]}. Note here the DCT-size M is set to be

larger than or equal to L, the length of {z[n]}, to avoid the time aliasing effect. Briefly speaking,

our methods update these C[k]’s in its magnitude part |C[k]|, and leave its sign (phase) part
sgn(C1k]) unchanged, hoping that the mismatch of |C[k]| among different SNR cases can be
thus reduced.

We present two types of DCT-based feature compensation methods, both of which consist
of three steps:

Step 1: Obtain the DCT-magnitude reference or the DCT-magnitude weight from
the training data:

Let {C[k]; 0 < k < M — 1} be the M-point DCT of any temporal sequence in the training
set with respect to a specific channel. Here the used DCT-size M is common to any temporal
sequence in the training set, and this setting makes the DCT spectra of all training sequences
(with respect to a specific channel) have the same length M. We calculate two sequences:

DCT-magnitude reference:

Areslk] = E{|C[K][} = Y. O[] (7)

ef Clk]etraining set

Ny

and

DCT-magnitude weight:

sl = std{CIH} = | — S - [—— S W], ®

N,
ref Clk]etraining set ref Clk|etraining set

where E{X} and std{X} denote the mean and standard deviation of X, and N,y is the number
of C[k]’s in the training set.

Step 2: Update the DCT magnitude component of the speech features currently
processed:

In Step 1, the DCT-magnitude reference/weight shown in eqs. (7) and (8) are obtained
from the feature sequences of all the clean utterances in the training set. Now we apply them
to update the DCT-magnitude of each feature sequence in both the training and testing sets.
Briefly speaking, the DCT coefficients {C[k]; 0 < k < M — 1} of any feature sequence in the

training and testing sets is updated in magnitude, and we produce the new DCT stream:

Ok = ‘C*[k]‘ sgn(ClE]),  0<k<M—1. (9)
where |C[k]| denotes the new DCT-magnitude. That is, the original and updated DCT streams
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differ only in magnitude, not in phase. We propose various ways to update the DCT-magnitude,

and they will be described in detail in the next subsections.

Step 3: Use IDCT to obtain the new feature sequence:

The the L-point new feature stream is obtained by

#[n] = IDCTy{C[k]; 0 < k < M — 1}, 0<n<L-1. (10)

That is, the M-point inverse DCT is performed on the M-point sequence {C[k]}, and the re-
sulting M-point sequence {Z[n|} is truncated and thus only the first L points in {Z[n]} are

reserved.

II1.2 The DCT-magnitude updated algorithms

In this subsection, we provide two different directions to update the DCT-magnitude of

a speech feature stream as mentioned in Step 2 of sub-section III.1.

I11.2.1 DCT-magnitude substitution (DCT-MS)

In DCT-MS, the DCT-magnitude of each feature stream currently processed is directly
substituted by the DCT-magnitude reference shown in eq. (7). That is,

IC[K]| = Ayes[k], 0<k<M—1. (11)

This operation is primarily motivated by two observations:

1. The DCT-magnitudes among different clean feature sequences look similar to one another.
Using the same DCT-magnitude for different feature sequences probably causes a small

amount of distortion.

2. Noise affects the DCT-magnitude very significantly, and thus the DCT-magnitude of a
noisy feature stream is highly deviated from that of a clean one. Introducing a unified
DCT-magnitude completely removes the effect of noise (while probably loses some speech

information).

I11.2.2 DCT-magnitude weighting (DCT-MW)

In DCT-MW, the DCT magnitude of each feature stream currently processed is directly
multiplied by the DCT-magnitude weight defined in eq. (8). That is:

CIKI = [ClK]loves K], 0<k<M-1. (12)
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Figure 4: The flowchart of (a)DCT-MS (b)DCT-MW

The method of DCT-MW is basically from two ideas:

1. In general, the variance, or its variant such as the standard deviation, accounts for the
amount of gross information contained in a random variable. Assuming most of the in-
formation corresponds to speech, to weigh the noisy DCT-magnitude with the standard

deviation of the clean DCT-magnitudes probably highlights the speech components.

2. The original noisy DCT-magnitude, that is expected to contain speech information and
benefit the recognition, is reserved in DCT-MW. Furthermore, DCT-MW behaves simi-
larly to a zero-phase temporal filter, which can effectively improve the noise robustness of

features if properly designed.

The flowcharts of DCT-MS and DCT-MW are depicted in Figures 4(a) and (b). Besides, the
DCT-magnitude weight for DCT-MW from the MVN-processed MFCC ¢; streams is plotted in
Figure 5, which shows the DCT-magnitudes at lower modulation frequencies are to be amplified
in DCT-MW. This is somewhat consistent to the general idea that, the modulation frequency
components within [1 Hz, 16 Hz| contain rich speech information [11], and emphasizing these

components properly will improve the recognition accuracy.

I11.2.3 Partial-band DCT-MS

The substitution process of DCT-MS is originally carried out on the entire DCT-magnitude
stream, indicating that each modulation frequency component within the full-band range |0, % Hz|
is updated, where Fj is the frame rate in Hz. Here, we propose to select the components within
a specific partial-band rather than the full-band to perform DCT-MS.

This partial-band process is mainly inspired by two considerations:
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Figure 5: The DCT-magnitude weight for MVN-processed MFCC c¢; features in DCT-MW.

1. Keeping the less-distorted components unchanged:
The deviations in the DCT-magnitudes caused by noise are in fact unequal. In particular,
noise probably just contaminates a few frequency components primarily. Updating the
DCT-magnitudes at all frequencies introduces another distortion, especially to those less

noise-affected ones.

2. Reducing the computation complexity:
Provided that the recognition accuracy is not degraded, decreasing the number of DCT-
magnitudes necessary for an update reduces the computation complexity of the algorithms

for sure.

Here, we arrange the partial-band version of DCT-MS by simply setting a cutoff frequency F,
dividing the frequency range into two sub-bands [0, F,. Hz| and [F, Hz, % Hz], and performing
DCT-MS for either one sub-band. Accordingly, the performance of the patial-band DCT-MS
depends on the selection of the cutoff frequency F, and the sub-band components to be updated.

Note that we do not provide the partial-band version of DCT-MW since it seems not very
appropriate to weigh some DCT-magnitudes and leave the others unchanged, which behaves like

a filter having a discontinuity at the cutoff frequency in magnitude response.

IT1.3 A preliminary evaluation of DCT-MS/DCT-MW in reducing

the noise effect

We perform the proposed DCT-MS or DCT-MW on the MFCC ¢; feature streams of three
utterances containing the same embedded clean speech while distorted at different SNRs: clean,
10 dB and 0 dB with subway noise. Before acting DCT-MS/DCT-MW, the feature sequence is
processed by MVN to be zero-mean and unity-variance.

Figures 6(a)-(d) plot the power spectral density (PSD) curves of the ¢; feature streams for

three SNR cases obtained from various processes. The corresponding detailed information and
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discussions are:

1. As shown in Figure 6(a), there exists significant mismatch among the PSDs of original
(MVN-processed) features at different SNRs. The mismatch gets larger with increasing
frequency. The PSD becomes relatively "flat” as the SNR gets worse, which agrees with

the observation in [8].

2. Figure 6(b) corresponding to the features processed by DCT-MS reveals that this method
successfully reduces the PSD mismatch shown in Figure 6(a). The direct substitution for
the DCT-magnitudes of different feature streams with a common reference curve makes

the associated PSD curves so close to each other.

3. From Figure 6(c), the PSDs of DCT-MW processed features still contain significantly
mismatch as the ones from MVN in Figure 6(a). However, the scale of deviation (for
the frequency greater than 10 Hz) shown in Figure 6(c) is below 1072, while the original
PSD deviation shown in Figure 6(a) is roughly within the range [107!, 1072]. As a result,
DCT-MW can reduce the PSD mismatch effectively.

4. Figure 6(d) depicts the PSDs for the “partial-band” version of DCT-MS, in which the
frequency range to be updated is set to [5 Hz, 50 Hz|. That is, the first one-tenth band
[0, 5 Hz| components are kept unchanged. We find that they are quite similar to the curves
shown in Figure 6(b) (the “full-band” version of DCT-MS): the median/high frequency
distortion is insignificant. The unprocessed band [0, 5 Hz| appears deviations among the
curves. The positive or negative effect of keeping the low frequency components unchanged

in recognition accuracy will be shown in section IV.
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Figure 6: The ¢; PSD curves processed by various methods:(a)MVN (b)DCT-MS (¢)DCT-MW
(d)partial-band DCT-MS

IV. The recognition experiment results and discussions

This section is organized as follows: Firstly, sub-section IV.1 introduces the used speech
database and the setup for the experimental environment. Secondly, the recognition results for
the original and MV N-processed MFCC are provided in sub-section IV.2. Thirdly, we present
and discuss the recognition accuracy obtained by the new DCT-based algorithms in sub-section
IV.3. Finally, sub-section IV.4 briefly summarizes the recognition results of the DCT-based

algorithms for the features preliminary processed by some robustness methods.

IV.1 The Experimental Environmental Setup

Our recognition experiments are conducted on the AURORA 2.0 database , the details of
which are described in [12]. In short, the testing data consist of 4004 utterances from 52 female
and 52 male speakers, and three different subsets are defined for the recognition experiments:

Test Sets A and B are each affected by four types of noise, and Set C is affected by two types.

12
32



Each noise instance is added to the clean speech signal at six SNR levels (ranging from 20 dB
to -5 dB). The signals in Test Sets A and B are filtered with a G.712 filter, and those in Set C
are filtered with an MIRS filter. In the “clean-condition training, multi-condition testing” mode
defined in [12], the training data consist of 8440 clean speech utterances from 55 female and 55
male adults. These signals are filtered with a G.712 filter. The data in Test Sets A and B are
more distorted by additive noise than the training data, while the data in Set C are affected by
additive noise and a channel mismatch.

With the Aurora-2 database, we performed the a series of robustness methods to compare the
recognition accuracy. Each utterance in the clean training set and three testing sets is directly
converted to 13-dimensional MFCC (c0~c12) sequence. Next, the MFCC features are then
updated by either noise-robustness method. The resulting 13 new features, plus their first- and
second-order derivatives, are the components of the final 39-dimensional feature vector. With
the new feature vectors in the clean training set, the hidden Markov models (HMMSs) for each
digit and silence are trained with the HTK toolkit [13] . Each digit HMM has 16 states, with

20 Gaussian mixtures per state.

IV.2 Experiment results of plain MFCCs and MVN-processed MFCCs

The recognition accuracy rates for the original MFCC are shown in Table 1. From this

table, we have some observations as follows:

1. When the SNR becomes worse, the recognition accuracy rate gets lower in every noisy

environment. Therefore, noise brings a significant distortion to MFCC features.

2. The averaged recognition accuracy of Set A is better than that of Set B probably because

most noise types in Set A are stationary and most noise types in Set B are non-stationary.

3. Among the four noise types in Set A, “babble” and “exhibition” result in the largest and
smallest accuracy degradation, respectively. In contrast, the noise types in Set B that

correspond to the highest and lowest accuracy rates are “airport” and “street”.

4. With the same noise type “subway”, the accuracy of Set A is better than that of Set C,

implying the channel mismatch in Set C further degrades the recognition performance.

Among the various noise-robustness algorithms, MVN is very widely used since implementing
MVN is quite simple and significant recognition improvement can be thus achieved. Many
noise-robustness techniques such as TSN [7] and MVA [8] have been developed directly on
MVN-processed MFCC features and reveals very good performance. As a result, we treat the
MVN-processed MFCC as the baseline features hereafter, unless otherwise mentioned.

The recognition results of the baseline experiments, using MVN-processed MFCC as features,
are shown in Table 2. Comparing Table 2 with Table 1, MVN benefits the plain MFCC a lot

13
33



Table 1: The recognition accuracy rates (%) of plain MFCCs in various environments

baseline experiments
(using MFCC s, including ¢y ~ ¢12 plus their delta and delta-delta,
totally 39 features)

Set A Set B Set C
subway | babble | car |exhibition | average || restaurant | street | airport | train | average || subway | street | average
clean 99.83 99.77 |99.74 99.85 99.80 99.83 99.77 99.74 | 99.85 99.80 99.79 99.76 99.78
20dB 98.90 91.26 |97.14 98.72 96.51 94.41 97.33 92.87 | 93.67 94.57 96.58 97.16 96.87
15dB 95.08 78.27 |88.16 95.25 89.19 84.12 92.22 80.54 | 83.06 84.99 91.63 93.16 92.40
10dB 82.43 61.68 |69.65 84.04 74.45 67.83 77.61 63.88 | 66.07 68.85 82.24 82.64 82.44
5dB 62.31 44.41 |53.20 63.63 55.89 49.55 60.19 48.38 | 49.28 51.85 65.01 67.25 66.13
0dB 47.12 33.20 | 45.00 49.04 43.59 36.13 47.74 37.98 |41.52 40.84 48.64 51.79 50.22
-5dB 43.13 30.89 |42.60 43.77 40.10 33.60 42.81 35.42 | 40.15 38.00 43.58 45.33 44.46
H average H 7717 ‘ 61.76 ‘ 70.63 ‘ 78.14 ‘ 71.92 H 66.41 ‘ 75.02 ‘ 64.73 ‘ 66.72 ‘ 68.22 H 76.82 ‘ 78.40 ‘ 77.61 H

Table 2: The recognition accuracy rates (%) of the baseline experiment, with the MVN-processed
MFCC as the features

| Baseline experiment results (with MVN-processed MFCC features) |

Set A Set B Set C

subway | babble | car |exhibition | average || restaurant | street | airport | train | average || subway | street | average

clean 99.81 99.77 |99.76 99.92 99.82 99.81 99.77 99.76 | 99.92 99.82 99.85 99.79 99.82

20dB 98.46 99.06 |98.71 98.32 98.64 99.20 98.72 99.12 | 98.47 98.88 98.52 98.74 98.63

15dB 96.73 96.95 |96.73 96.22 96.66 97.62 96.82 97.67 | 96.05 97.04 96.79 96.76 96.78

10dB 92.03 92.20 |90.91 90.90 91.51 93.34 91.54 93.24 | 91.05 92.29 91.92 91.64 91.78

5dB 81.25 78.68 | 74.90 81.08 78.98 81.95 79.10 80.63 | 76.96 79.66 81.21 79.47 80.34

0dB 62.39 57.61 |53.56 63.89 59.36 63.55 59.11 61.31 55.66 59.91 61.97 58.96 60.47

-5dB 47.84 45.63 |43.72 48.64 46.46 48.17 46.44 46.98 | 45.30 46.72 47.58 46.74 47.16

average 86.17 84.90 |82.96 86.08 85.03 87.13 85.06 86.39 | 83.64| 85.56 86.08 85.11 85.60
MFCC 77.17 | 61.76 |70.63 78.14 71.92 66.41 75.02 | 64.73 |66.72| 68.22 76.82 | 78.40 | 77.61

by enhancing the recognition accuracy rates for almost all SNR cases and all noise types, which
exhibits the capability of improving noise robustness of MVN for MFCC. Furthermore, even
though MVN does not eliminate the median/high (modulation) frequency distortion very well,
as depicted in Figure 3(a), the low-frequency portion that contains most speech information
is well treated by MVN in reducing noise effects, thus bringing about very good recognition

accuracy.

IV.3 The experimental results of proposed DCT-based algorithms
IV.3.1 DCT-MS and DCT-MW

This sub-section provides the results of DCT-MS and DCT-MW. The parameter M in eq.
(6) that represents the length of the common DCT-magnitude reference/weight for DCT-MS/
DCT-MW is set to 1024.

14
34



Tables 3 and 4 give the detailed recognition accuracy rates obtained from DCT-MS and
DCT-MW. We have some findings from the two tables:

1. Compared with the baseline results in Table 2, both DCT-MS and DCT-MW provide

better recognition accuracy, implying the two methods can enhance MVN features in noise

robustness.

2. DCT-MW outperforms DCT-MS slightly,indicating that to highlight the more important
MW, the

DCT-components like a filtering process helps more. For example, with DCT

averaged accuracy for Set B can be as high as 90%, roughly 4% better than the baseline.

Table 3: The recognition accuracy rates (%) of DCT-MS that performs on the MVN-processed

MFCC
I DCT-MS [
Set A Set B Set C
subway | babble | car |exhibition | average || restaurant | street | airport | train | average || subway | street | average
clean 99.37 99.23 [99.25 99.58 99.36 99.37 99.23 99.25 99.58 99.36 99.43 99.11 99.27
20dB 97.91 98.38 [98.73 98.13 98.29 98.35 98.23 98.62 98.63 98.46 98.14 98.32 98.23
15dB 96.08 96.93 | 97.55 96.43 96.75 97.39 97.21 97.87 97.50 97.49 96.48 96.89 96.69
10dB 92.34 94.12 |[94.38 92.68 93.38 94.09 93.92 95.39 94.70 94.53 92.09 93.63 92.86
5dB 84.08 85.97 | 87.86 85.18 85.77 86.73 87.08 88.31 88.59 87.68 84.52 87.42 85.97
0dB 71.10 69.64 | 76.34 71.98 72.27 72.68 74.44 75.69 75.62 74.61 70.55 74.80 72.68
-5dB 56.34 52.56 |61.46 57.24 56.90 55.20 59.04 58.26 60.37 58.22 56.08 59.17 57.63
average 88.30 89.01 90.97 88.88 89.29 89.85 90.18 91.18 91.01 90.55 88.36 90.21 89.28
MVN
baseline 86.17 84.90 |82.96 86.08 85.03 87.13 85.06 86.39 83.64 85.56 86.08 85.11 85.60

IV.3.2 Partial-band DCT-MS

Here we perform the partial-band DCT-MS given in sub-section I11.2.3. For the sake of
clarity, the notations ,DCT-MS,, and ,DCT-MS; are used, where the left subscript index “p”
indicates a partial-band DCT-MS, and the right subscript, “u” or “I”, represents the updated
partial band being “upper sub-band” ([F. Hz, Fs/2 Hz]) or “lower sub-band” ([0, F. Hz]), in

which F, and F; are the cutoff frequency and the frame rates in Hz. The averaged recognition

accuracy rates achieved by ,DCT-MS, and ,DCT-MS, for five different assignments of cutoff

frequency F. are listed in Tables 5 and 6. We have the following observations from the two

tables:

1. For the case of ,DCT-MS,, in which only the upper sub-band magnitudes are updated and

increasing the cutoff frequency narrows the upper sub-band in bandwidth, the correspond-

ing recognition accuracy rates are always better than the baseline (with MVN-processed
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Table 4: The recognition accuracy rates (%) of DCT-MW that performs on the MVN-processed

MFCC
I DCT-MW [
Set A Set B Set C
subway | babble | car |exhibition | average || restaurant | street | airport | train | average || subway | street | average
clean 99.66 99.53 | 99.66 99.83 99.67 99.66 99.53 99.66 | 99.83 99.67 99.64 99.57 99.61
20dB 98.75 98.95 |98.95 98.55 98.80 99.20 98.55 98.94 | 98.91 98.90 98.76 98.53 98.65
15dB 97.76 97.53 | 97.61 96.47 97.34 98.21 97.72 98.11 | 97.52 97.89 97.43 97.66 97.55
10dB 94.20 94.12 | 95.13 92.47 93.98 94.92 94.78 95.13 | 94.72 94.89 93.90 94.76 94.33
5dB 86.31 85.29 |88.40 84.40 86.10 86.37 87.14 87.64 | 87.74 87.22 86.31 87.16 86.74
0dB 70.26 66.50 | 74.75 71.58 70.77 68.66 72.88 72.25 | 72.57 71.59 70.22 72.11 71.17
-5dB 53.68 48.87 | 56.60 55.90 53.76 50.47 54.16 54.06 | 55.39 53.52 53.26 54.01 53.64
average 89.46 88.48 |90.97 88.69 89.40 89.47 90.21 90.41 |90.29 | 90.10 89.32 90.04 89.68
MVN
baseline 86.17 84.90 |82.96 86.08 85.03 87.13 85.06 86.39 | 83.64 85.56 86.08 85.11 85.60

features). However, ,DCT-MS, outperforms the full-band DCT-MS (with the cutoff fre-
quency 0 Hz) only when the cutoff frequency F,. is 5 Hz, and there is a performance gap
when F, is from 5 Hz to 15 Hz. This observation leads to two aspects: First, keeping the
components within [0, 5 Hz| unchanged is better than updating them, probably because
this frequency range has been handled well by MVN and further normalizing it in DCT-
magnitude tends to attenuate the recognition information. Second, operating DCT-MS
in the frequency range [5 Hz, 15 Hz| especially helps in recognition performance, which is
somewhat consistent of the observation in Figure 3(a) that there remains PSD mismatch

roughly above 5 Hz after operating MVN.

. For the case of ,DCT-MS;, in which only the lower sub-band magnitudes are updated and

increasing the cutoff frequency broadens the lower sub-band in bandwidth, assigning a too
small cutoff frequency (below 10 Hz) even worsens the recognition accuracy relative to
the baseline, which supports our statements for ,DCT-MS, previously that updating the
components within the frequency range [0, 5 Hz] is not a good idea. Increasing the cutoff
frequency F. in ,DCT-MS; can improve the recognition accuracy, and the best possible
results for ,DCT-MS; occurs when F, is 50 Hz, equivalent to the original (full-band) DCT-
MS. As a result, partial-band DCT-MS outperforms full-band DCT-MS only when a proper
upper sub-band is selected for update.

IV.3.3 Integrating DCT-MS/DCT-MW with other normalization techniques

In sub-section 1V.3.2 the MV N-processed MFCC are treated as the baseline features and

they are further updated with the presented DCT-based algorithms. Experimental results show

that the DCT-based algorithms achieve higher recognition accuracy relative to the baseline,
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Table 5: Recognition accuracy rates (%) averaged over all noise types different SNRs for the
»,DCT-MS,, method with different cutoff frequency, where AR(%) and RR (%) stand for the

absolute and relative error rate reductions, respectively.

,2DCT-MS,,

(updating the upper sub-band) with different cutoff frequencies
| Cutoff frequency I, [[Set A[Set B[Set C[Average[[AR|] RR |
0 Hz (full-band DCT-MS) 89.29 | 90.55 | 89.28 89.79 4.44 30.31

5 Hz 90.80 | 91.62 | 90.12 90.99 5.64 38.50
15 Hz 8751 | 88.03 | 87.95 87.80 2.45 16.72
25 Hz 86.04 | 86.60 | 86.63 86.38 1.03 7.03
35 Hz 8557 | 86.14 | 86.24 85.93 0.58 3.96
45 Hz 85.16 | 85.78 | 85.72 85.52 0.17 1.16
50 Hz(equivalent to the baseline) 85.03 85.56 85.60 85.35 - -

Table 6: Recognition accuracy rates (%) averaged over all noise types different SNRs for the
,DCT-MS;, with different cutoff frequency, where AR(%) and RR(%) stand for the absolute and
relative error rate reductions, respectively.

,2DCT-MS;

(updating the lower sub-band) with different cutoff frequencies
| Cutoff frequency F. [[Set A[Set B|Set C|Average|[AR] RR |
50 Hz(full-band DCT-MS) 89.29 | 90.55 | 89.28 89.79 4.44 30.31

45 Hz 89.13 | 90.50 | 89.16 89.68 4.33 29.56

35 Hz 8859 | 89.98 | 88.75 89.18 3.83 26.14

25 Hz 88.27 | 89.70 | 88.46 88.88 3.53 24.10

15 Hz 85.73 | 87.26 | 86.05 86.41 1.06 7.24

5 Hz 83.78 | 84.71 | 84.53 84.30 -1.05 717
0 Hz(equivalent to the baseline) 85.03 85.56 85.60 85.35 - -

revealing that they are well additive to MVN. Here we are to investigate if the proposed DCT-
MS/DCT-MW can enhance some other types of features, including the original plain MFCCs
and the MFCCs processed by either of CMN, CGN, MVA, and HEQ in advance.

Tables 7, 8 and 9 list the averaged recognition accuracy rates for DCT-MS, DCT-MW and
,DCT-MS, (F. =5 Hz), respectively, for different types of features (MFCCs processed by CMN,
MVN, CGN, HEQ and MVA). From the three tables, we find that

1. Similar to MVN, all the pre-processing algorithms including CMN, CGN, HEQ and MVA
provide the original MFCC with improved recognition accuracy. MVA performs the best,
followed by HEQ, CGN, MVN and then CMN.

2. The presented DCT-MS enhances the recognition accuracy for all the types of features
shown here, including the unprocessed plain MFCCs. The resulting average accuracy
rates are around 89.50% (except DCT-MS performing on the plain MFCCs). As a result,
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Table 7: Recognition accuracy rates (%) averaged over all noise types different SNRs for the
DCT-MS method combined with various featuer normalization methods

HDCT—MS on various feature normalization methodsH
| Method [[Set A[Set B|Set C|Average|AR[ RR ||

MFCC 71.92 68.22 77.61 71.58 - -
MFCC+DCT-MS 82.73 84.55 83.39 83.59 12.01| 42.26
CMN 79.37 82.47 79.90 80.71 - -
CMN+DCT-MS 89.15 90.45 89.23 89.68 8.97 46.50
MVN 85.03 85.56 85.60 85.35 - -
MVN+DCT-MS 89.29 90.55 89.28 89.79 4.44 30.31
HEQ 87.59 88.84 87.64 88.10 -
HEQ+DCT-MS 88.50 90.00 89.04 89.21 1.11 9.33
CGN 87.64 88.55 87.73 88.02 - -
CGN+DCT-MS 89.25 90.58 89.27 89.79 1.77 14.77
MVA 88.12 88.81 88.50 88.47 - -
MVA+DCT-MS 88.93 90.20 88.88 89.42 0.95 8.24

by adopting DCT-MS, CMN and CGN become more attractive than HEQ and MVA since

they are more computationally efficient.

3. Similar to DCT-MS, integrating DCT-MW with most normalization methods (except CMN
and the original MFCC) provide better recognition rates than the individual component
method. The optimal performance, 90.84% in averaged accuracy, occurs with the pairing
of DCT-MW and CGN, better than those shown in Table 8, indicating DCT-MW be-
haves better than DCT-MS when combining with any of CGN, HEQ and MVA. However,
since there remains significant low modulation frequency distortion in the unprocessed
and CMN-processed noisy MFCC features, DCT-MW, acting as a low-pass filter, cannot

benefit the two types of features in reducing the effect of noise.

4. Similar to DCT-MS and DCT-MW, ,DCT-MS,, (with F. =5 Hz) is well additive to most
normalization methods to make the recognition accuracy better. Comparing Table 9 with
Tables 7 and 8, the partial-band DCT-MS, ,DCT-MS,,, outperforms the full-band DCT-
MS and DCT-MW in most cases. The optimal averaged recognition accuracy shown in
Table 9 is as high as 91.41%, with the pairing of ,DCT-MS, and HEQ.

IV.4 Summary

The averaged recognition accuracy rates for some methods presented in sub-section 1V.3
are summarized in Figure 7 for a clear comparison. From this figure, we find that: First, among
the three DCT-based algorithms, only DCT-MS can enhance the original and CMN-processed
MFCC features to achieve a high accuracy rate as 89%. Second, when integrating either MVN,
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Table 8: Recognition accuracy rates (%) averaged over all noise types different SNRs for the
DCT-MW method combined with various featuer normalization methods

HDCT-MW on various feature normalization methodsH
| Method [Set A[Set B|Set C|Average||AR| RR |

MFCC 71.92 68.22 77.61 71.58 - -
MFCC+DCT-MW 74.28 74.44 68.03 73.09 1.51 5.31
CMN 79.37 82.47 79.90 80.71 - -
CMN+DCT-MW(y) 80.02 83.05 80.60 81.35 0.64 3.32
MVN 85.03 85.56 85.60 85.35 - -
MVN+MW () 89.40 90.10 89.68 89.74 4.39 29.97
HEQ 87.59 88.84 87.64 88.10 - -
HEQ+DCT-MW 90.24 90.80 90.85 90.59 2.49 20.92
CGN 87.64 88.55 87.73 88.02 - -
CGN+DCT-MW 90.39 91.34 90.73 90.84 2.82 23.54
MVA 88.12 88.81 88.50 88.47 - -
MVA+DCT-MW 89.83 90.59 90.22 90.21 1.47 15.09

Table 9: Recognition accuracy rates (%) averaged over all noise types different SNRs for the
,DCT-MS, method (with F. =5 Hz) combined with various featuer normalization methods

[,DCT-MS, on various feature normalization methods]||
| Method [Set A[Set B[Set C[Average[[AR| RR ||

MFCC 71.92 68.22 77.61 71.58 - -
MFCC+,DCT-MSy 70.33 68.20 75.64 70.54 -1.04 -3.66
CMN 79.37 82.47 79.90 80.71 - -
CMN+,DCT-MS, 82.69 85.18 83.24 83.79 3.08 15.97
MVN 85.03 85.56 85.60 85.35 - -
MVN+,DCT-MS,, 90.80 91.62 90.12 90.99 5.64 38.50
HEQ 87.59 88.84 87.64 88.10 - -
HEQ+,DCT-MS, 91.14 92.06 90.66 91.41 3.31 27.82
CGN 87.64 88.55 87.73 88.02 - -
CGN+4,DCT-MS, 90.97 91.87 90.31 91.20 3.18 26.54
MVA 88.12 88.81 88.50 88.47 - -
MVA+,DCT-MS,, 90.45 91.32 90.20 90.75 2.28 19.77
19
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Figure 7: The recognition rates (%) averaged over all noise types and all SNRs for various
DCT-based algorithms performing on various types of features

CGN, HEQ or MVA, the partial-band DCT-MS, ,DCT-MS,,, behaves the best, followed by DCT-
MW and then DCT-MS. Finally, a relatively computationally efficient algorithm which integrates
,DCT-MS, and MVN/CGN can achieve nearly optimal recognition performance since ,DCT-
MS,, is the simplest among the DCT-based algorithms in implementation, and MVN and CGN
need less computation complexity than MVA and HEQ.

V. Conclusion and Future Work

In this paper, we use the DCT to develop algorithms to promote the noise robustness
of speech features in the temporal domain. In the presented methods, the DCT-magnitudes of
feature streams are either normalized or weighted appropriately according to the information of
clean speech utterances. We have shown that the two methods give rise to significant word error
rate reduction when performing on the MVN-processed features, and they are also well additive
to each of CMN, CGN, HEQ and MVA to provide further improved accuracy rates relative to
the individual component method.

The future work will be along the following directions:

1. Performing DCT-magnitude substitution adaptively: in this paper we process the DCT-
magnitude substitution by directly referring to a fixed reference magnitude curve. Al-
though it may be the most direct and simplest approach, doing this way probably loses
some important information of the original noisy speech streams for the ASR task. There-
fore, we will study how to collect the information of the currently processed feature stream

in order to create the reference magnitude curve in an adaptive manner.

2. Integrating the proposed new methods with some other feature normalization techniques,
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such as HOCMN [6] and CSN [4], to see if further improvement can be achieved.

3. Investigating how to determine the optimal trade-off between the noise reduction and the

speech distortion that always exists among the noise-robustness techniques.
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A — A sm AR E MR PR L TR A s - fERREE T NS
K22 4711 (Joint Speaker and Noisy Environment and Speech Content Factor Analysis ; JSEC) -
TEEEBTERZR ST - TERHEZE RS BN 2 PR {E (online recognition
model compensation) » {sE 5352 H! SR AV AR BUIEAER IR RE S35 B UCHC » #EM Rk
o BEAN > Feff5eis ISEC srfigniaE S AIFRaE S (A AMEIE A ~ (R B RE
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FEETRH I AR R R 22 M o pl i B e R S A FEE S 4H & [ al FH YA
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P TSR AR TSR 4.37% - LL{E&TRENMESEOREUT A MVA (Mean
subtraction - Variance normalization - and ARMA filtering)[1][2]/V$E 5522 4.99% (K T35 »
W EEFA AT Y JSE (Joint Speaker and Noisy Environment Factor Analysis)[11] /77%
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& NI AFEARCRAVFEETTE -
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i o P RS MR RS SR AT IE e S8 BEECR N - B E e s
Y BNRSERE A IR - A W JAYJ5A © 58 MRS 2 BOKH (robust

speech feature extraction)EiEE 25 72U 237 (speech model adaptation) -

58 (i ME S WOREL 2 J7 7% » FRAM A DUEE S (E 48 g iy (1] 7 - FEIAHEE IEF(E ARMA
(Auto-regression and Moving Average) ;i k7% fiir(Mean subtraction» Variance normalization -
and ARMA filtering ; MVA)[1][2] * 5341 Z{E A (Histogram Equalization ; HEQ)[3][4] & B
TR e 4479 R 25 (two-stage Wiener filter)[S]Z5 - EfHVRFESZEAM HE S EIR -

ENEREEETTE - Al B e SRR AR - AR ITE A
AR 43 M [E]#F (Maximum Likelihood Linear Regression ; MLLR)[6] ~ iz KE{# 1425
7,4 (Maximum A Posteriori : MAP)[ 7]/ %% ~ SEA T AI4E & (Parallel Model Combination ;
PMC)[8]5F » DA By Rp&C il H 1 L SR AR % » O E RN sE S e YR A

T 7% 5 BT S 77325 > M L 0 S5 A0 A B S 2 3 B 45 VA 8 (Stereo-based
Piecewise Linear Compensation, SPLICE)[9] - FAItl & 1| FH S UL EE K E 58 FHER I
BRI fR AN FEEIRIE 2B A N )% (Reference Model Weighting 5 RMW) ~ #E]
R A AR DL 4R R 2 B (Eigen-Maximum Likelihood Linear Regression ; EMLLR)[10] -
A e sEE B IR IR Z 08T (Joint Speaker and Noisy Environment Factor Analysis ;
JSE)11]E D574 » IR B HHE S -

bR SCHRAPTRR T AR BRI RE MR BRE S AR R M 2 s @ st S Wt
(Joint Speaker and Noisy Environment and Speech Content Factor Analysis ; JSEC) » JSEC
T EE AN TR TR - g A BN R KA A E —HY JSEC Zef#lE -
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BUEES - E
RHEEEH EEBEENE BB E T EHIES g‘
CEeHE 2 de iR
BAEH AR EE BRAE
EBEER
EtBEEL
HEENEER

b

Non-Speech
( Speech model 0 ( model 0

Training phase

Testing phase

» projection |«

I

( Model Reconstruction 0—. Speech Recognizer |— Recognized Speech

i

& — ~ JSEC AefElEl

JSEC FEalll el oRetat o i - — A2 B B AR SR LS 8RR 27
B S B AEAEIEEERE B BN R Z 08 HA SRS - R
R o Rl T RSN EREET E ] ~ SEE i s ~ Shat P R e T B Ry (N R 2= [ 0 A |
MR IR E R M R R i ZE M BB R N R = I R R SR E A EE
B AR - ERMMSEIA R ERNRENVZERIR - M - AR EER
& - JEEERHEHE R s R e - Rl e SRR R AR -

= BraEEE o AElRRERE T N ERE S

2.1 JSEC YRR

JSEC T F 5 MG RHENRRET - MRS - 552 s N AN RAT & -
7 JSEC £t JSE ZHEAVEZT NEFE > a0 K EFAETRIEE Y - DIERAES
it

e BEAES R M2 JSEC HALEH # MAP(Classical MAP) ~ R0 IRES ~ 5
M« SE%N%5(zero~nine ~ oh - silence) VU{EEAI4E ST ¢

M speecn= Msp + UspXsp + VspYsp + spl'sp + dspZsp (1)
MmAEEEE R 2 JSEC A E RS T B MAP(Classical MAP) I ZE ST EY -

M nonspeech= mnon +Unoan0n + dnonznon (2)
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2.2 JSEC 24525k

IZEJECZ%%MEI TSR - PP/ SREERHE Force-alignment » SEEEA[E

b AR B a) - BAEERIERI R BB a)alloR— (44 5 speech HYRZEREAL » 3k
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25/ 73 AILA Unon B2 dion 2715 ©
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FEAE > UG EREEER R A SR B RIS E X Ve ~ Zp * RET
?U@ﬁ#?ﬂ,‘] Usp > Vsp dsp ’ ?%‘?Uﬂ?ﬁ*%% UspXsp + VspYsp + dspzsp ; @i%ﬁﬁ%ﬁ%ﬁ@%@
%E@}Q?ZE Xnon ~ Znon ° ?Xﬁﬁ?&%ﬁ?”@ﬁi@g\j Unon  Chon T:‘!El‘z;éljf)ﬁsﬂfgi UnonXnon + dnonZnon °
FEIMAEREER - SN RENSR AR TR SN EIREE gers © HE
TR YRR n] DURIEA FEREEN A Z 28 S8 R FlsE S N AR e
AL A FIN_ELUR IR SRR SRR A ~ g R A B S AEAE A B 7y > B[] B
A REEEEE A AL EAR MRS R -

FERS EI P 7 ZEAER OB 2 12wk o] DUEET 7255 20 B (Lt iE i IRin 2 8RS U

(PR R > SRR BRI 2B & > IMRIKHERIGIGR - B 2 B LB o3 7
MTRISR MRS A AT IR BRI B (R 2D B

2.3 FifzERIRy(hEt
HAPRL 25 0012] 2 it MAP ~ FHEEERIR EiEEE 7775 > FonS N Z=AR

{4 o T A [E) S IR 5 43 A (mixture) 3 588 S 885 2 1 iy 6 A A PR U e £ Ry S B A1 A
¥IaTE -

ARSI G N R ATE S [18IHEE » B S AL - FFRIH#HL average speech
model HYPHERTERAVEE FEIE RHEAE - SIS EGHT MAP SEERE 1 - THA
R T HY SR EE R, SR R S A AR Y A B U B 2B IR WG E - £ S
BUL M Z HISCIE 2 R SHIRR B

RSt

HefP el IR I Suat [14] £ 222 Lhaverage speech model fy-P35{H ~ S2FRE LU B G
ReRGut R - BEGEasGE AR A EY L Y2, - v BNE—ERE R e > 3
TEFR AT

N, (S) = Zt:yt (C)

(3)
F.(s) =Zt:% (e)(Y,—m;) 4)
S. () = diag [27 (e)(Y =m.)(Y, —m, )*j (5)

o

Ve (O)RFEBE R 2RISR S B BRI > im{{F2average speech
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KRSt EZR - B2 UL o] LIEt R Ba st B R Ay ~ MR
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ngg ~ MEEERET ~ RE S W AR EERE R AMEE  EERE T NE R AR R
rsp > WRBAFIEAGE MIEImE A > AR E SRR A K SR LR 5 A Se
s (& model “FEEAEWE - FAIH MLIAEGBSEEUS 9 21& » BIAREEEN
FREZ R HELE -

FHR Usps Vspy Ospr Unon FoAE 5T 775 E » LN IR LR A SR MR EEEE
(Eigen-voice )f& AL Ryfil » SKHY vsp ©

HAPFIH Expectation Maximization(EM);EEAHETT 10 TKAVAER( > LA EHT Vsp (E.Z 1Y
FEMH

PRI BBy s, B 1R 5 i

SR e S Ly sp(S) & -39 {H Ry 088 BB R LAV AR = i o4 » & TR T A BB & Bk
BB MAPE T E —FE g A NE DM o RIBA2MEREE > D Lapy(s) =1, +
Vo () Xspy ()N (Vi (8) » HrfY o, ™ Fyvariance 7 #R 1A & » TiFE 8y (5)
53 T B L Yy (Vs () Tspy () Fiapyy (5, m) BRI SE BB LY (s) At
AR

MLIAEASE2E

a2 % m By SIS average speech model HFHRHAL & > 8L vsp AR AT 1)
talH > BakEEE R s ERABVGETEAT

Ne =YsNc(s) (c=1,..,0) (6)
Ue=2sN(S)E [ysp(s)y*sp(s)] (c=1,..,0) (7
C=3FG)E |y (5)] (8)
N =Y N(s) 9)

HEEEMBSY ¢ =1,...C ~ B—ERakHtRE f=1.F »&i=(c-)F+f> %
ui A u B955 51 1M CHAER CHYES 1 51 IRILRH R R ZE AT vep HYEE BT AR
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viUC = Ci (|:1 ...... CF) (10)

EaEFORE > BTSSR BHS BRI -

2.3.2 BN EER

FHBY dsp, d non HeAdiit V77240 IE] > PU N EAMI AR A SEF R R N 2 AR R 1> KE dgp =

FeMFIFH Expectation Maximization(EM)JEELE#ETT 10 RAVEAR > K78 F 3T dsp (.2 I
JEfH

(EF 0 Sl S i

e AR s el 52 %& Zsp(S)E%WEJ‘% 0 SEAEEE 1 (VERES T - BB AGEE &R
{ﬁ?ﬂ% MAP ZE & 38 i — ﬁ/T\I_JEI’J T o ARIBI2IMERE » © Lspa(s) = Ispq +

20a(S)Tspa” ()Nspa(s) » 3 EPZspd By variance 2 #E 1 & » TTTBE IR 2op(S) IS
TEES,ZZE/]{EL_ spd(s)dspd(s)Zspd_l(S)Fspd(s m)/\/\ :,E-%QL_ spd(s)ﬁ? Al 3% AR
paKiii

MLAEMGB2E

wIaasE m By /AR H average speech model HYFHBELH & » S8 dsp RIVE B FHREHRY 1)
WGl BEEEE s ERBENSEENT ¢

Ne = XsNe(s) (c=1,..,0) (11)
U, = Ysdiag (N(s) E[zp ()25, (8)]) (c =1,...,0) (12)
C=Ysdiag (F(s) E[z"5(5)]) (13)
N =Y. N(s) (14)

HE—EEMT c=1,...C ~ B—EEam TR =1 F > i&i=(c-1)F+f>
ui (R U BYES 1511 CHRER CHYES 151 IR R e e dp BT \JE_HETBZ

UiUC = Ci (|:1 ...... CF) (15)

AR > A AR E OIS EIAHRHY RO -
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ERAEN St 2R Y B A BB R R 28 Usp ~ Vsp ~ Osp ~ dep » AR ST
PEAYEEZH Unon ~ dnon 12 > MEIRHI 2 BFHRIBR B AR SR 2 ERE - LOBEFM
EEIEAFEEN B Z I & Xy sB A B IR Y » ah N AL E s~ RN
R 8 1y IEEE R EN R BB RS ERE R Xnon ~ Znon °

s e AR E R e B RA % RPILMERRE S E e 2 /Y -

R LRI Xep
Bk Lsp,x(s) = Isp,x + Vsp,x*(S)Zsp,x_l(S)Nsp,x(s)vsp,x (s) (16)
Xsp= E[X(s)] = Lsp,x_l (S)usp,x* (S)Zsp,x_l (S)Fsp,x (s,m) (17)

SET T TPE N
(2433 Lsp,y(s) =Ispy + Vsp’y*(S)Zsp,y_l(S)Nsp,y(s)vsp,y(s) (18)

Ysi= EIYO) =Lpy ™ ()Vpy () spy ($)Fipy(s,1m) (19)

EXRN R =X 5 4

Bk Lsp,r(s) = Isp,r + VS‘p,T*(S)ZSp,T_l(S)NSp,T (S)Vsp,r (s) (20)

rsp= E[r (8)] :Lsp,r_l(S)QSp,r*(S)Zsp,r_l(S)FSp,r(S' m) (21)
BEAR L,

BX Lsp,z(s) = Isp,z + dsp,zz(S)Zsp,z_l(S)Nsp,z(S) (22)

Zsp= E[z(s)] :Lsp,z_l(s)dsp,z*(S)Zsp,z_l(s)l::s‘p,z(si m) (23)

FFE] Xsp ~ Yop * Tsp ~ Zsp 18 TLEZE] Usp ~ Vp ~ Osp ~ sp B2 » Bl o] AL R (g BIIRF Y 5
> HENEAEEERVE A RPRIEAS - SRR - ERARRBIREE BN i
B H e A5 e S R - B eR B R -
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3.1 HEgUE

AR SSC BB AN b BT A SRR B3 5 M 73 B A B 1 ER Aurora 2
By - Aurora2 ZLL TIDigits R » B [ HESR U R M A M ST B, -
Aurora2 (ST S RNEE - A S — S N BRRS T RE
=g -

SERFE B BRI 226 20 KHz 4y 8 KHz » I 1 7 20982 F(Clean)3Bh » 547
S S SO T B B AR AE » P TR FUEEEE(SNR20 + SNR15 ~ SNR 10 ~ SNR 5 ~ SNR
0 11 SNR -5dB)1_E R FIHT A 3T -

sl SRERRHR & S AR P S A [RS8 S iR )l o kA = o STt it o Al
BRI Aurora2 B {72 HYA [F) 8 SO BRI MERERR - SE97a A~ B~ C =&
M E -

AT SCER I B EISHEE (3 > BB RS Ry g I FE A R U 6 o] AR > AR
HIRREIERS UE R EFUGIRGE - R E 2 A ERE] T —EAHAAYIRAE -

B R BRI B Ry el i > (SRS B R A (0~9 1 oh) o A ERAE
RIA 16 {EARES - BHEARRE S 3 (E S Aty - PREFREEREAISL » BAREE (silence)
AR ETE (short pause)fHAY o WG RERTAd b - PREUFGETERE » &5 T MFREY
phaR ~ i ARISERR AU E R - M E B9y B —JH : simple backend (3 mixture)#(l
complex backend (20 mixture) » YNFE—F7~ °

Backend Speech model Silence model Short pause model
Simole 16 state, each state 3 | 3 state, each state 6 1 state, each state 6
P mixture mixture mixture
16 state, each state | 3 state, each state 64 | 1 state, each state 64
Complex ) . .
20 mixture mixture mixture

x—  EEHERIREA SRS B SR

FHNRM E B IR TR F Mo Ay JSE J57% - EFEAYA[RRFy
M =m + ux(s) + vy(s) + dz(s) (24)

FHorhr m By G b BT P (B 5B B ] & (super-vector) : v ~u ~d 73l B RF R
FHECRER ~ TN R 2P R © vy (s) ~uxn ()~ dz(s)73 il R N ~ FfEH ~ MBI AT
#F B EERT IR E - 1 ISEC B AR FHER/ VD HRE T st N ERNZR - IR
BRI ELL JSEC BEK -

3.2 RifZEfE AT
HFTEERS R T AR G IEME > BE R RE A Rt BN R (8B 53 BH > BT LLSEE ] simple
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backend 3 M RHEZE G HFFEZE 2B - B Y SAE AR EHE R HIEEER - B8
e B IERER Rz i I - AR e R TP e (i B B T & A 4sT = -
PEHEMKRB U v g~ d ZIHF » B—(EER Z FHEZER - BT 5 {ES T FATE]
RRAEETEF SR B X SR y il o R —(E 2R B S DI U A Ot e - A
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5 .
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Dimension 1 X 10-3

7= - simple backend JSEC 3 £k HEsRUH 2 R TR
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gl | O snRis ST © ]
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¢ SNRO SR ey
o _ K
16} + SHNR-5 rf
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E 150 shibition
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14+
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12+
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HAF A B BN H A4S R - (RIEEE S 0B - i EERgA Iy # > 40 oh ~ four »
DL EEEEGENT - R G IRV BL(digit) REEAERT AR L E - P E =T E
T ENRZ R E > BTN e 2 8k -

3.3 simple backend

WA ESR B T EARCRIII B R S IR 4 - EE EsEE (S) 55 4t > 5%
Z5(T) 6 4 o FEEH(N)4EE 3L 40 4 FTDATRAMIAE 20 4ERRaAHmERSE - I H—AE EE
FETHENN 6 4E(14 4E ~ 20 4R 24 4) S B4EE o 5940 > ISR Ay s L gy -
MRS R B B s B RN IR S (B B LR Ry MVASISE AH[E] I H I E Bk simple
backend F{1 complex backend —4H {440 & 574 -

P RATE TR -

JSEC e Bt b i R

. 45%
. 40%
. 35Y% ~_
w06 30 I _—
g, 25% \/

6. 20%

6. 15%

DD D D

S5 -T6~N14 S5 T 6~N 20 S5 ~T6~N24

&£ ~ simple backend JSEC Ffiz g5 e (4 P

[ B AP AT LAE B RAY B R 2 20 4 - INPEERPIREE e MR 20 4 sEE NE—
RHL 6 4 > FEHUEE 55 4 ~ 60 A 70 4 - (BRI USEILL M EER -

JSEC ;%—F,‘ BGAR

6. 35%

6. 30% //'
6. 25% X
1£6. 20%

v
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S5 ~T6-~N 20 S60~T6-~N 20 ST0~T6~N 20

54



[&/\ ~ simple backend JSEC A fiz (446 e LA ]

f] \HAF AT AE FEEEHY R R4 2 60 4 - NS e HER 20 4 - 5E&HL 60
4 > FREGEE S NES 6 4 ~ 8 41 10 4 > MCHE I DAS I DU NEE R ¢

JSEC#F M 7R
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6.20% - .
o \/
 6.19% ~
6. 18%
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& J1 ~ simple backend JSEC 5 % fiz (4 L

& LA T B RS A A R AR 8 4 -

3.3.2 Complex backend
Y ER A AL ch S B ~ R R B B R N - IR e (RE B L HY MVA ~ JSE

MRIE o 4EREAENE SelE e sE 2 (S) 55 4 » SEZPA(T) 6 4 - FEH(N) /2 LA 14 4 ~ 20
HEA 24 SERUHIE TR PTG DU EER -

JSEC 33Utk b it 2
1. 65%
4. 60% .
4. 55% \ //
#4. 50%
™y 454 \(/
a0
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FrfE - - 2P DB SRRV R R4 2 20 4 - [NIEHMRE & E e REaR 20 4 > 5%
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Abstract

This paper aims at finding the relationships between intelligibility and comprehensibility in
speech synthesizers, and tries to design an appropriate comprehension task for evaluating the
speech synthesizers’ comprehensibility. It is predicted that speech synthesizer with higher
intelligibility, will have greater performance in comprehension. Also, since the two most
popular used speech synthesis methods are HMM-based and unit selection, this study tries to
compare whether the HTS-2008 (HMM-based) or Multisyn (unit selection) speech
synthesizer has better performance in application. Natural speech is applied in the experiment
as a controlled group to the speech synthesizers. The results in the intelligibility test shows
that natural speech is better than HTS-2008, and HTS-2008 is much better than Multisyn
system. Whereas, in the comprehension task, all the three speech systems present not much
differences in speech comprehending process. This is because that the two speech
synthesizers have reached the threshold of enough intelligibility to provide high speech
comprehension quality. Therefore, although with equal comprehensible speech quality
between HTS-2008 and Multisyn systems, HTS-2008 speech synthesizer is more
recommended and preferable due to its higher intelligibility.

Keywords: speech synthesizers, intelligibility evaluation, comprehension evaluation,
HTS-2008, Multisyn

1. Introduction

Recently, text-to-speech (TTS) system synthesizers have been evaluated from different
aspects, such as intelligibility, naturalness, and preference of the synthetic speech, as noted by
[1]. Since the final purpose of applying the synthetic speech is to make it usable to
applications, it is worth carrying out experiments measuring the synthesizers’ performance
with human listeners. For measuring speech synthesizers, it was necessary to involve
perception factors in synthetic speech evaluation, rather than merely evaluating the
intelligibility, in order to better assess the speech synthesizers, as indicated by [2]. [3] also
evaluated the aspect of the listener’s perception on a comprehension task to learn how well
the synthetic speech was created by the synthesizers could be understood by the listeners.
Moreover, [2] had demonstrated that there was a strong relationship between the
intelligibility and comprehension. Also, they had specified the intelligibility was one of the
important factors that would affect listening comprehension. It is then worth observing the
relationships between intelligibility and comprehension for speech synthesizers. Although
several studies have been successfully evaluating the intelligibility of speech synthesizers,
very few researchers have examined the association with comprehension. However, it is hard

! Acknowledgement: Thanks the people from University of Edinburgh - for the suggestions and comments
offered by Simon King, and Catherine Mayo; the perception lab reserving and statistics helping supported by
Rob Clark; and the HTS-2008 speech synthesizer provided by Junichi Yamagishi.
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to measure comprehension, due to the fact that it involves cognitive processes which are hard
to be captured and taken into account. Recent studies use post-perceptual comprehension
tests to measure listeners’ comprehension, but many have failed to distinguish differences
between TTS systems. An appropriate strategy for evaluating the comprehension is still not
found. Therefore, this research aims to design an adequate comprehension test for speech
synthesis evaluation, and to try to discover the relationship between intelligibility and
comprehension of TTS systems. In this study, the word “intelligibility” means the degree of
each word being produced in a sentence; while the word “comprehension” means the degree
of received messages being understood. This study predicts that speech synthesizers with
higher intelligibility can be expected to obtain higher comprehension. In addition, this paper
will also compare the most popular methods for building TTS systems in the Blizzard
Challenge [4], which are unit selection [5] and hidden Markov models (HMMs) [6]. It will be
interesting to find out whether the HMM-based, or unit selection approaches can better
generate synthetic speech in terms of both intelligibility and comprehension.

2. Literature Review

2.1 HMM-based and Unit Selection speech synthesizers

In recent years, HMMs have been used to generate synthesized speech [7]. The basic
procedures of implementing HMM-based speech synthesizers to produce synthetic speech
can be grouped into two parts: a training part and a synthesis part [8]. There are two main
advantages of using HMMs to generate speech synthesizers. One is that the produced
synthesized speech can be smoothed and made to sound natural. The other is that, since the
synthetic speech is created from HMM models with parameters [8], the characteristics of the
voice can be modified easily with adequate parameter transformations. Nowadays, the latest
version of the HTS (HMM-based Speech Synthesis System) used in the Blizzard Challenge is
the HTS-2008. HTS-2008 used the adaptive speaker-independent approach, rather than the
speaker-dependent method, to generate HMM-based synthesizers. The training database for
HTS-2008 using the average voice model was 41 hours. In addition, to reduce the expensive
computing time, forward-backward algorithm was introduced in the HTS-2008 [9].

As for unit selection speech synthesizers, basically, a natural speech database will be
recorded by a single speaker, and then the units are extracted directly from the speech
inventory and concatenated together to generate new utterances. A number of different unit
sizes can be used to construct various types of unit selection speech synthesizers, such as
phones, half phones, diphones, and variable sized units [10]. In recent Festival speech
synthesis system, the Multisyn unit selection algorithm was introduced [5] with the diphone
sized units, which could carry better acoustic features and higher level linguistic information
than the phone sized units used in CHATR [11] and clunits [12]. It can produce open-domain
speech voices in high speech quality, and does not need to be based on the context domain
speech to produce better quality. In other words, higher quality synthesized speech can be
created by using Multisyn unit selection algorithm even if the synthesized utterance is not one
of the sentences in the recorded databases.

Since the Multisyn speech synthesis approach has the advantage of generating natural
synthesized voices by extracting the diphone sized units straight from the speech signal with
less expensive signal processing, an investigation of its distinctions from the HTS-2008
HMM-based speech synthesizer will be interesting and useful.

2.2 Evaluation of intelligibility
When evaluating the intelligibility of a speech synthesizer, the semantically unpredictable
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sentences (SUS) are frequently used. SUS sentences have been widely used in a dictation task
and are recommended in evaluating intelligibility of speech synthesizers [13]. SUS sentences
are sentences that are semantically unpredictable, but are still constructed grammatically
syntactically. SUS sentences are used to prevent the process of assessing intelligibility from
being influenced by linguistic cues. If semantically predictable sentences are used, listeners
will learn the semantic and syntactic cues from the context, which will influence their
performance in the intelligibility task [14]. [14] claimed that using SUS sentences in the
intelligibility task could disrupt the predictable context. This conclusion was also supported
by [15] reported that using SUS sentences could prevent from learning effect.

2.3 Evaluation of comprehension

The performance of various speech synthesizers can also be evaluated through
comprehension tasks. Several researchers had indicated that comprehension evaluation is a
valid way to assess intelligibility [16, 17]. This is because in intelligibility task, listeners will
emphasize on recognizing individual words, rather than focusing on the meaning of sentences.
However, the deeper information that lies within intelligibility cannot be examined by merely
identifying each word.

There were four types of questions that had been used in previous speech synthesizer
comprehension evaluation: surface structure questions, high proposition questions, low
proposition questions, and inference questions. These questions were designed based on
different levels of memory used during comprehension [18-20]. Surface structure questions
required participants to recall specific words that occurred in the speech content; high
proposition questions examined whether listeners could get a general idea from the speech
content; low proposition questions asked more detailed information about the speech content
than high proposition questions; finally, the inference questions measured whether the
listeners could draw a conclusion from the speech. Since surface structure questions did not
involve much comprehension ability, which did not meet with the purpose of present
experiment, this type of question was not included in present study.

2.4 Some influential factors in intelligibility and comprehension

2.4.1 Short-term memory

The short-term memory is the biggest cognitive factor that has the greatest influence on the
comprehension task. This is because short-term memory is used to store fractions of
information temporarily until full information can be completely comprehended. Therefore,
the technique is quite essential during the comprehension task. Furthermore, the load of
short-term memory needs to be considered as well. As demonstrated from the concurrent task
experiment by [21], the short-term memory had limited capacity. Goldstein [22] had
identified two different levels of short-term memory, which were nominal level and
supra-nominal level. He described that the nominal level short-term memory was involved in
intelligibility tasks, focusing on qualitative evaluation. On the other hand, the supra-nominal
level short-term memory were used in comprehension tasks, which required the information
to be identified, processed, and understood. Therefore, as specified by previous researchers, it
would be important to take short-term memory into account in this study:.

2.4.2 Listeners’ preferences

Another factor that may influence task performance is the listeners’ preferences. [23] judged
listeners’ preferences from listeners’ feedback on one natural speech and two speech
synthesizers: MITalk and Votrax. The measurement was to assess the adjective words from
the feedback. The researchers found that people preferred to listen to natural speech than to
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the two speech synthesizers, and MITalk system was preferred than Votrax system. Also, the
intelligibility in MITalk system was evaluated to be higher than Votrax system. This result
presented that there was a relationship between subjects’ preferences and intelligibility of
different speech synthesizers. Besides, [24] contended that listeners’ preferences depended
greatly on the quality of speech intelligibility. Moreover, [25] and [26] investigated that as the
intelligibility quality got better, the degree of preference would also increase.

Therefore in this paper, HTS-2008 and Multisyn systems would be taken as the
representatives of HMM-based and unit selection speech synthesizers during the evaluation.
Also by modifying the evaluation approaches used in the previous studies and considering
some cognitive factors, | try to design an appropriate comprehension test, which has not been
found yet, rather than intelligibility test. In addition, through the newly modified
comprehension test, | hope that stronger relationships between intelligibility and
comprehension could be revealed.

3. Methodology

3.1 Subjects

A total of 25 native English speakers participate in the experiment, with 6 male and 19
female®. Table 1 shows the subjects’ highest level of education status.

Table 1. Participants’ highest level of education status

Degree of Education Undergraduate Master PhD

Number of Subjects 5 11 9

All of the participants are students, studied at University of Edinburgh at present. There are 5
undergraduates, 11 master’s students, and 9 PhD students involved in this experiment. The
subjects’ average age is 25.44 years old, with a standard deviation (SD) of 3.465 years old.

Table 2. Participants’ English accents

English Accent British | American | Scottish | Irish | Welsh | Indian

Number of Subjects 13 6 3 1 1 1

Table 2 above presents the survey results of the participants’ English accents. In the English
accent survey, 13 people have reported that they have a British accent, 6 have an American
accent, 3 have a Scottish accent, 1 has an Irish accent, 1 has a Welsh accent, and 1 has an
Indian accent. Only three participants have indicated that they are speech experts. No one has
reported having a hearing disorder.

3.2 Materials

3.2.1 SUS sentences for intelligibility evaluation

Thirty SUS sentences are used as the material in intelligibility task. These SUS sentences are
adopted from the 2008 Blizzard Challenge [27]. The structure of these sentences is “The
(Determiner) + (Adjective) + (Noun) piurar + (Verb) pasttense + the (Determiner) + (Adjective) +
(Noun) singuiar”. Although, this is the only structure used in the experiment, the English words
in the SUS sentences are all in low frequency, in order to prevent the listeners from predicting
the meanings easily. For example, one of the sentence used in the experiment is “The
amicable chests became the unprepared cockroach”. As the example shows, the intelligibility

2 Although the numbers of male and female participants were not balanced, the gender did not show any
significance in statistical analysis. Therefore the gender difference is not considered in the paper.
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task tends to make listeners hard to foretell the unheard information. In addition, listening to
each sentence more than once is allowed, but are requested to keep as few times as possible.

3.2.2  News articles for comprehension evaluation

6 news articles extracted from BCC online news, which were considered to contain less story
line cues, were used in the comprehension task. As in the study of [28], in order to reduce the
news articles’ text familiarity to the listeners, all of the topics were chosen to be research
reports, which were likely to be less familiar to most of the listeners. The answers to the
questions were designed with the assumption that there were no global and general
knowledge to the articles. In other words, participants could not learn the answers through
questions without listening. The average words in each article was about 238.8 words (SD =
21.1 words).

Each news article was attached with 10 questions. Five of the questions were designed as
multiple-choice questions, while the other five questions were open-ended questions. Only
the questions that required inferential skills would be arranged as multiple-choice questions
with 4 multiple choices. On the other hand, factual questions with low level proposition
information were assigned to open-ended questions. Below are figure 1 and 2, presenting the
examples of the questions involved in the main experiment.

Inferential Question

Question: What would be the best topic for the news?
A. The poor quality of recent education.
B. The competition between colleges.
C. Colleges face the financial crisis.
D. Education revolution.

Figure 1. An example of inferential question in the main experiment

Factual Question

Question: How long would the growth of stubble usually appers?

Figure 2. An example of factual question in the main experiment

3.2.3 Synthesized speech and natural speech recording

HTS-2008 and Multisyn speech synthesizers were included in this experiment. Both speech
synthesizers were constructed by collecting the voice from a single male speaker “roger” with
British accent. Also, the male speaker’s natural speech was taken as a controlled group in the
experiment, to compare with the two synthesizers.

The recording was held in a Sound Lab of University of Edinburgh. The lab was equipped
with a professional recording room and a control room. The voice was recorded through the
MKHB800 microphone, with the volume set at 60 dB. The recording wav files were all in
single channel, with frequency at 16 kHz. The whole recording duration lasted approximately
an hour.

The male speaker was a well-trained and professional reader, and had been cooperated with
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the Center for Speech Technology Research (CSTR) for a long while, participating in speech
data recording. Therefore, steady and good quality of the natural speech was guaranteed.

3.2.4 Questionnaires

A questionnaire was assigned at the end of the experiment, asking for participants’ basic
information, whether they were a speech expert, and the average playing times of each
sentence in intelligibility task. Some empty blanks were left for participants to write down
their comments and suggestions to the experiment.

3.3 Procedure

There were two tasks included in the experiment. The first part was intelligibility task
(listening 30 SUS sentences), and the other part was the comprehension task (listening 6 BBC
news articles and answering questions). The experiment was taken place at the Perception
Lab within the Informatics Forum building. The lab consisted of individual single rooms.
Each room was equipped with an SAMSUNG 2043 screen monitor and a set of DT770 PRO
headphones. Every participant would be arranged into one of the single rooms. The
experiment was carried out by applying an online webpage. All the voices would come out
from the headphones throughout the experiment, and the volume had been set into an
adequate loudness to the listeners. No participants have complained about the sound volume.

3.3.1 Producing wav files

For intelligibility task and comprehension task, all wav files of SUS sentences and news
passages had been produced by natural speech and the two synthesizers HTS-2008 and
Multisyn. Since in intelligibility task, the wav files were generated by using every single
sentence, the news passages used in the comprehension test were also synthesized into
several single sentences for consistency. The sentences in the comprehension test were
concatenated together into a passage afterwards, assigned with a silence interval of about 500
milliseconds between sentences.

There were some cases that needed to be carefully considered while producing synthesized
speech, which the TTS systems could not identify the pronunciations as predicted in natural
speech. For example, if the input text was “500MB”, the synthesizers would not be able to
pronounce it as “five hundred megabytes”. Instead, the pronunciation turned out to be “five
zero zero M B”. Since the purpose of this comprehension test was to measure whether the
synthesized passages were comprehensible to listeners, every word in the experiment should
be made understood to listeners.

3.3.2 Pilot tests for comprehension task

Since the material used in the intelligibility test was the same as done in Blizzard Challenge,
pilot tests for evaluating the intelligibility test were unnecessary. However, pilot tests were
needed for the comprehension test in this study. The pilot tests for the comprehension test
were done three times, measuring the length of the articles, the difficulties of the text and
questions, and text familiarity. Two native English speakers were invited to do the pilot test
and help evaluate the design of the comprehension task.

3.3.3 Main experiment

To make the wav files produced from HTS-2008, Multisyn, and natural speech equally
distributed in the material, the wav files had been equally arranged into 6 different groups by
using Latin Squares. Each group included 30 SUS sentences in the intelligibility test, and 6
news articles in the comprehension test. Then, each listener would be assigned to one of the
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six groups. In order to prevent the participants from having pressure on taking the exams, an
announcement had been claimed beforehand indicating that they were not being tested but
testing the systems.

The intelligibility task was taken first and then the comprehension task. This was done
because more efforts were required while taking the comprehension task than intelligibility
test, which participants needed to answer questions rather than type out what they heard.
Therefore, it would be better for not depressing the listeners’ patience and willingness at the
first task. The listeners were informed in advance that the sentences in the intelligibility task
might not be meaningful to them and were requested to try to make the listening as few times
as possible. For the comprehension task, listeners were only allowed to listen to each news
article once, and then answered questions without note-taking technique. Also, two extra
subjective questions were followed to each news article, asking about the participants’
confidence in completing the questions and their feelings of speech quality, scaling from 1
(very low) to 5 (extremely high). Finally, a questionnaire was given after completing the two
tasks.

The intelligibility task of this experiment took around 15 to 20 minutes, while the
comprehension test was about 25 to 30 minutes. [29] pointed out many researchers had found
the participants would fail to sustain their attention after 20 to 35 minutes of doing the task.
Due to the finding, participants were asked to have a 5-minute relaxing between the two
tasks.

4. Results

4.1 Intelligibility task

Most of the participants specified that they only listened to each sentence once, and then
typed down what they heard. For assessing SUS sentences, the measurement was based on
calculating word error rates (WER) occurred in every sentence. Typos and homophones were
allowed.

Table 3. Significant differences in intelligibility to the three speech systems: results of
Pairwise Comparisons. ® indicates a significant difference between a pair of systems.

Natural HTS-2008 Multisyn
Natural - .
HTS-2008 - m
Multisyn - -

In Pairwise Comparisons, as presented in Table 3, it reflects there are significant differences
found between natural speech and HTS-2008 (p = 0.005), natural speech and Multisyn (p <
0.001), and also HTS-2008 and Multisyn systems (p < 0.001). To further verify the main
effects in Pairwise Comparisons, the results in the Tests of Within-Subjects Contrasts present
that there are significant main effects when natural speech compares to HTS-2008, F(1, 249)
=10.135, p = 0.002; and when HTS-2008 compares to Multisyn system, F(1,249) = 26.685, p
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< 0.001. Therefore, it can be concluded that natural speech has significantly lower WER (M =
4.2%, SD = 10%) than the HTS-2008 (M = 6.7%, SD = 11.4%), and the HTS-2008 is even
better than Multisyn system (M = 14.3%, SD = 21.6%).

4.2 Comprehension task

4.2.1 The results from news articles

A 3-point scale (0, 1, 2) had been applied in the experiment to score answers in the
open-ended questions. If the responses to the comprehension questions were judged to be
incorrect, 0 points are earned; if part of the answers are correct or the answers were too
general and nonspecific, yet not wrong, 1 point would be given; and 2 points were given to
the responses with fully correct and specific answers. A total of 10 points for 5 open-ended
questions per news article could be possible. The examples of assessing the responses from
open-ended questions had been provided in Table 4.

Table 4. Examples of assessing the responses from open-ended questions
Open-ended Question Correct Answer  Listener Response Score

What are the two new news
channels that have been launched

by Russia? English and Polish 1
Arabic 1
Don't know 0

English and Arabic  English, Arabic 2

The 3-point scoring system was adopted from [17]. The reason for not taking a 2-point
binomial scoring scale was because in real life comprehension, it was not always an all
correct or wrong situation, as described by [30]. However, since the multiple-choice
questions only had one correct answer, the binomial scoring system was introduced to assess
the responses. If the participants chose the correct choice, then 2 point would be earned;
reversely, if choosing the wrong answer, 0 points was graded. There would be a sum of 10
points for 5 multiple-choice questions per news article. Therefore, the total score in each
article was 20 points.

There is no significance found in the three speech systems; and neither in the interaction
between systems and the question types. However, there is an obvious significant effect
occurred in the question types, F(1, 24) = 29.004, p < 0.001. Therefore, the performance in
open-ended questions is particularly worse (mean of error rate = 39.1%) than multiple-choice
questions (mean of error rate = 28%). Furthermore, there is no significance found in the
interactions between the systems and multiple-choice questions. However, there is a main
effect observed in the interaction between systems and open-ended questions, F(1.569,
37.649) = 7.348, p = 0.004. Due to this fact, it can be interpreted that the results from
open-ended questions shows the differences of the three systems.

Table 5. Significant differences in open-ended questions to the three systems: results of
Pairwise Comparisons. ® indicates a significant difference between a pair of systems
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Natural HTS-2008  Multisyn
Natural
HTS-2008 -
Multisyn -

As presented in Table 5, in the open-ended questions, a significant effect is revealed, only
when the comparison between HTS-2008 and Multisyn system, F(1, 24) = 25.939, p < 0.001.
Also, HTS-2008 performs a lot better (mean of error rate = 29.2%) than Multisyn system
(mean of error rate = 49.8%) in answering the open-ended questions correctly.

4.2.2 A5 point scale for subjective judgments

Two individual subjective questions were given at the end of each news articles: the
confidence in making right responses to the questions (Confidence), and the feeling to the
displayed speech quality (Quality). Both of the Confidence and Quality tests used a 5-point
scale (from 1 to 5) in assessing the subjective questions. Higher points represented listeners
with higher satisfactory, as shown below in Table 6.

Table 6. The 5-point scale measurement for the Confidence and Quality subjective tests

1 =Very low.

2 = Low.

3 = Average

4 = High.

5 = Extremely high.

Accordingly, there are main effects found in the systems, F(1.45, 34.806) = 25.365, p < 0.001,
and also in the interaction between systems and the subjective tests, F(2, 48) = 58.808, p <
0.001. Nevertheless, there is no significant main effect observed in the subjective tests.

Table 7. Significant differences in the overall subjective tests performance to the three
systems: results of Pairwise Comparisons. ® indicates a significant difference between a pair

of systems
Natural ~ HTS-2008 Multisyn
Natural - .
HTS-2008 -
Multisyn -

In Table 7, highly significant effects have occurred when the HTS-2008 compares to natural
speech, F(1, 24) = 24.758, p < 0.001; and when Multisyn system compares to natural speech,
F(1, 24) = 37.536, p < 0.001. While Quality compares to Confidence, two main effect is
discovered in the interactions when the HTS-2008 compares to natural speech, F(1, 24) =
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89.161, p < 0.001; when Multisyn compares with natural speech, F(1, 24) = 73.059, p <
0.001. Therefore, it can be concluded that the HTS-2008 is evaluated lower (M = 52.4%) than
natural speech (M = 71.6%) in the subjective tests; and lower points is given to Multisyn (M
= 52.2%) than to natural speech. Therefore, it is known that the natural speech has better
results gained from the subjective tests, than the HTS-2008 and Multisyn systems.

In the Confidence test, it does not show any significant effect on the systems. This result
indicates that listeners have equal confidence on natural speech, the HTS-2008, and Multisyn
systems in answering the questions of each news article. As for the results from the Quality
test, there is a significance discovered in the systems, F(1.462, 35.085) = 61.249, p < 0.001.

Table 8. Significant differences in Quality test to the three systems: results of Pairwise
Comparisons. ® indicates a significant difference between a pair of systems

Natural HTS-2008  Multisyn
Natural - -
HTS-2008 -
Multisyn -

In the Quality test, natural speech has an extremely high score in speech quality identification
(M = 82.8%), than the HTS-2008 (M = 48.8%) and Multisyn (M = 49.6%) systems. The
results in Table 8 show no significance when HTS-2008 compares to Multisyn system. As a
result of fact, in the subjective judgment of speech quality, natural speech is scored
significantly higher than HTS-2008 and Multisyn systems. On the other hand, the HTS-2008
and Multisyn systems are rated with nearly the same synthetic speech quality by listeners.
The results also demonstrate that although all the news articles are generated by
concatenating the individual sentences together, natural speech still has better speech prosody
than the other two speech synthesizers. This is because the recorder of natural speech knows
the context and will be able to articulate the sentences with adequate prosody contours while
recording. However, the news articles produced by HTS-2008 and Multisyn systems are
simply synthesized into individual sentences, without considering the context prosody factor.
As stated by [31], listeners preferred the speech systems with higher prosody quality.
Therefore, listeners have graded natural speech with the highest score, than HTS-2008 and
Multisyn systems.

5. Discussion

5.1 The discussion in the experiment results

5.1.1 The relationships between intelligibility and comprehension

In the intelligibility task, the results prove there are significant differences between the three
systems. In the intelligibility performance, natural speech is better than HTS-2008, while
HTS-2008 has greater performances than Multisyn system. According to the initial
hypothesis in this paper, predicting systems with higher achievement in the intelligibility task
would also preserve better accomplishment in the comprehension task. In this case, we can
estimate the three systems in the comprehension task might have the same rankings as
presented in intelligibility task. However, in the overall comprehension task performances, no
significant effects are noticed within the three systems, which signify natural speech,
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HTS-2008, and Multisyn all have relatively identical understandable quality for listeners. The
outcomes in the comprehension task are against with the results in intelligibility task, and
violate the hypothesis. Although, it seems that the comprehension task in this study has also
failed to distinguish various speech systems, this is mainly because that the three systems
have reached to the threshold of producing comprehensible speech quality. This can be
demonstrated from the results in the Confidence test. In the Confidence test, there was no
significance observed in the three systems, which meant that listeners have equivalent
confidences in completing comprehension task produced by the systems. This implied that
the three systems have given identical comprehension quality to the listeners. In addition, the
techniques required for evaluating intelligibility and comprehension is different. In the
comprehension task, the main intention is to understand and comprehend the global meanings
offered in each news article, whereas, the intelligibility task is not evaluated by focusing on
the meanings of the words but paying attention on every single word that can be heard.
During the process of comprehending, even if some of the words are not clear to the listeners,
the comprehension process will not be interrupted. Listeners can still acquire general
meanings from the context of the articles. [14] had notified that with sufficient linguistic cues,
it will be easy for listeners to derive learning effects and process the effects while
comprehending. Thus, with sufficient cues provided from the three systems, no significant
differences could be found within the three systems in the comprehension task. In other
words, although natural speech, HTS-2008, and Multisyn systems are significantly different
from each other in the intelligibility, they all obtain enough intelligibility quality for listeners
to learn the linguistic cues and comprehend the texts. In addition, the WER of 14.3% in
Multisyn system, can be taken as an intelligibility threshold reference for achieving high
comprehensibility in speech synthesizers.

5.1.2 The influences of different question types used in the comprehension task

In the comprehension task, different question types used in the experiment will bring a
significant effect to the systems’ measurement. In this experiment, only the open-ended
questions have a significant effect on the systems, rather than multiple-choice questions. This
may be affected by the design purpose of each type of question. For the multiple-choice
questions, they are assigned to be inferential questions, which need to be processed and
comprehended before answering. Thus, this procedure is very much the same as in the real
comprehension process, and presents that natural speech, HTS-2008, and Multisyn have the
same comprehensibility. However, the open-ended questions are designed to be factual
questions, and that make the process of answering the questions to be similar to the way in
completing the intelligibility task. Both the open-ended questions and intelligibility task
involve listening to the speech first, and then focus on the key words they can capture or
understand. The only difference between them is the load of memory will be larger in
open-ended questions, than in intelligibility task. As seen into the results of open-ended
questions, the consequences are a little diverse from the results in the intelligibility task. In
the open-ended questions, the performances in natural speech are identical with the
HTS-2008, but are better than the Multisyn system. Whereas, the intelligibility task presents
that natural speech is better than the HTS-2008, and Multisyn. In addition, even in the overall
subjective tests and quality test show that natural speech has better achievement than
HTS-2008. This may contribute to the reason that there were not enough participants
included in the experiment (only 25 participants in this study). Therefore, it is assumed that if
the number of participants increases, the significant effect between natural speech and
HTS-2008 in open-ended questions might occur. Apart from the intelligibility and
comprehension task, in the overall subjective tests and quality test, they are both consistent
with the results specifying that the performances in HTS-2008 and Multisyn system are the
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same. In general, the entire experiment in present study has found that natural speech has
greater consequences and performances than HTS-2008 and Multisyn systems.

5.2 Listeners’ feedback and some suggestions for future studies

5.2.1 Listeners’ feedback

In the intelligibility task, most of the participants found it interesting. Since the materials
were all semantically unpredictable sentences, that would make up a lot of unexpected funny
sentences. Still, some of the participants specified that there were a few words they seldom
heard and seen in their life, and might lead to some misspelling or make up the spelling
pronunciations. This problem had been solved in this study, which we allowed typos and
homonyms while calculating the WER in the intelligibility task. They had also indicated that
sentences with poor speech quality, it would be hard for them to recognize the words as real
words.

Most of the participants reported that the second part of the experiment (comprehension task)
was harder than the first part (intelligibility task). They stated that the displaying duration of
news articles is a bit long for them to remember the all the information. Besides, the listeners
had notified that if the article was presented with low speech quality, it would be harder for
them to concentrate and follow up. In addition, they tended to focus more on the topic they
were interested in, and answered more correctly on the questions. Some participants
suggested that there should be an option of “do not know the answer” added into the multiple
choice questions, to prevent them from guessing the answers.

Although there were comments coming from the participants, they still responded that the
whole experiment was interesting, and they had a lot of fun during the process all in all.

5.2.2  Suggestions and modifications for future works.

According to the feedback received from the participants, there are some things that can be
modified in the comprehension design to make the task better. Firstly, since most of the
participants replied that the durations of news articles were a little bit too long, a pilot test for
measuring the participants’ feelings of duration need to be applied before carrying out the
main experiment. Furthermore, since each news article is with different topics, there is no
guarantee that the degree of text complexity and familiarity will still be the same between
each article. The word “text complexity” used right here means the degree of comprehension
effort that need to be devoted to listening to the article.

Due to the limitation of time, there were not enough listeners participating in each pilot test.
In order to cease the individual problems and increase the results’ objectivity in the test, it
will be better to have at least 10 people included in the pilot test.

6. Conclusion

From the results in the intelligibility task, we find that the performance in natural speech is
better than the HTS-2008, and HTS-2008 is proved to be greater than the Multisyn system.
However, the results in the comprehension task present that the natural speech, HTS-2008,
and Multisyn systems are with equal quality for listeners to comprehend. The explanation has
been given in section 5.1.1, discussing the issue may lead to the reason that all the three
systems obtain high enough intelligibility quality to be used in comprehending the news
passages. Although the outcomes in the intelligibility task show that there are significant
differences investigated within the three systems, their intelligibility have reached to the
comprehension threshold to produce understandable high quality speech. In spite of the
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objective results in the comprehension task, in the overall subjective tests and the Quality test,
both of them manifest that listeners consider natural speech is the best system of all,
compared to the two speech synthesizers (HTS-2008 and Multisyn). Besides, the listeners
feel that there is no difference between HTS-2008 and Multisyn systems.

For the design of the comprehension task, there is still one thing that needs to be mentioned.
That is the comprehension task designed in this experiment could not directly evaluate the
comprehension process, as stated by [2]. Since the questions are derived after listening, this
kind of measurement is a post-perceptual comprehension. Therefore, the comprehension
strategies involved in this study are all evaluating the products of the comprehension, rather
than the process of it.

In general, from the results presented in this experiment, the HTS-2008 speech synthesizer is
preferable and usable than Multisyn system in applications. Although the two systems have
the same performance in comprehension, HTS-2008 is significantly better than Multisyn
system in intelligibility.
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7 ] 'ﬁ% iﬁ'ﬁ 'ﬂ'fé‘ﬁw i %ﬁ‘ﬁﬁaﬁﬁ'wi’}i’ % YV ESTHR
F“E'Miﬁﬁ’?” I AL ()~ PR SR “ <%|J“JWH’£T@M~ il
1 nfﬂ) LIRS Pl TR D PR PR IS AP ) XML ARk i ?ﬁf“ﬁ&*%aﬁ?
Ak Jll':Fl“ WE - %F’FH W?ﬁ'w’”?li{jﬂ“ [ BV FhR (Z/D Chinese G1gawords>
VIR R R R pua R r (ER] TR I 3 SR F T FE AT
] e ELTS T i Pﬁiﬂia; ik B B %iﬂﬂ XML)FE[:H—B?—‘,&}H’W?IH e%_[g
ﬁ'fll':fl“ IR VB AR B R A o A 2 MR T R R | SR 9 “J‘F“;H
PP uﬂﬂﬁ’ﬁﬂ’ uFﬂH (Y1 = English Gigawords ) FVH ¥ }ﬁflﬁﬁg\:& _JF[;F;F'J
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N W‘ﬁﬂiﬁ ( The Method )

iﬁfﬁ"fjﬁ@“‘ﬁ?%ﬁv R %ﬁﬁ REFH AR 1 V1 i

VYR - EVRAL > G| SRS 11 o S ﬁ#@‘ B - ]l
9t IL F[ é‘?ﬂi Ffi[@ - 7[2{&‘%?; 7@7‘71‘ P‘/iﬁj jJBLJ%ﬁBJ%, i»lﬁﬁ}lﬁjﬁil | %ﬁéﬁ
LﬁF¢$Elmﬁ&$ﬁ%$%u3w%mﬂﬁé Y 1 A

(=) R

T I BRI SR S A 5”3‘?”¥E?1?—€,‘7{€[ oG+ l'*?ﬁﬁ’ oA PR
it (7o o B 55 Bl AR —RE A5 AL AR AR ( E‘ THE MF’EJﬁTi?gl G4
DHEEIPRE Y ARG

) "'—'J}&}r_J :I'\':l

?ﬁ'%ﬂ??ﬁ%ﬂﬁf%«ﬁfu o WERL o A5 2 RETE Cexact-match) AT ST

M) R BT e R L RS TR o L"Lﬁlﬂ'ﬂ"’ 7[>5h;§55‘“ P} (exact-match ) [i* JZ%’
??\I FRL AL ‘if U Hijj P4 ( partial-match ) 3 NS ‘j\@%{lﬁ]ﬁé’?‘ﬁ ﬁ VB -
Wl Wﬁgﬁl[ﬂ'ﬂ\ﬁuyﬁ il%f ( phrase pair) fI1 > %ﬁv A HIRRE S PR R o
%0 FEAD AL R IR B IR > T S 2 ST el (character-level ) BPEES
FHIE '#ﬁnf,ﬁiuf,fﬁ*'ﬁ}iﬁ? F IR R R e o W -

WER- 3 [F%ﬁﬁliﬁ PGS 5 :—Jﬁﬁﬁﬁ[ﬂ JEE Y — EFEVEH 3 (wildcard)

S S SURTI B A ViR = A ] {lﬁf_wwa%%ﬁﬁﬁ*wlﬂﬁﬁim i&W$ﬁ
g:j’jf’\ﬁf\ i[lﬁ r R féﬁ\ﬁjﬁ—?gijgh F‘*a:j‘ﬁ—g}gﬁ‘[ SahghiYy r Nl %"[I rxqi} ”jfk[ 5y F¥FE
i e ﬁrﬂﬁ”‘ﬁéfﬂ*ﬂ['( F=% appeal for)~( ¥, increasing of )~( _FE, upper
block) & > #1 (P9, the body) (P9, four limbs)~ (¥, prosthesis) &7

WERT b (R PR LR pyd R BE N TR AR RS S pu “Hﬁ*
BL o PRI (Ccharacter-level ) EJW%‘% Bl leﬁflﬂi}‘aﬁm i IR
Z5 PERLAIH N-gram gV el A 55 S Ay ' e @ Zma&f‘ﬂ:f( _FE& upper block)ﬁl ([
4, four hmbs> BB o HIFpYAD 7Y+ rfJ ﬁ[ TR PR REERE T HIRL upper

“block” ~ “wpper block” A “four” ~ “limbs” ~ “four hmbs o fill B "L -

%ﬁngmnﬁ 25 B A R iﬁfﬁﬁ%ﬁNgmm’ﬂ%Fﬁ<ﬁwp 31;%%
2 PSR [N J]Ef[*[?llﬂl C T WordNet ) » JIHN 2 BEIF=AAuEE ‘.E: Rl
F e SR LR E?JWFHWJ*i”ﬂ?N%F”Wﬁ F N-gram e+ AL SR
PR E e - ﬁiV"JWNﬁFHﬁﬂ%*FIJPJgBm. BT 0 pubsk > VLA BV R
SO o BLHERTS TRy IS FTE [ A% NLTK FIEH AURUY (38 (Bird 37
*,2008) o F— B EERS AHEERT puilEplE P
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Fo LW AHRD pufani & P

H R HRZ
Kb R p 1 phrase Kb R B & N-grams
= 3k the body LRSS body
P extremities T 3k extremity
7 Ak extremities
o A four limbs A four
% limb
> 3k limbs
> 3k four limbs
&% prosthesis &% prosthesis
?z: J:Trr;;&yﬂfjii;‘pqﬂ‘iu[wrl%ijiifﬁﬁ‘%éklﬂjg—ﬁﬁlﬂg?ﬁ% 7]7J "
F &P e e b o
source trandlation AR E fF B
phrase All Constituent  Salient Constituent
3% limb (3, limb) (3%, limb)
+ & limb (£, limb) (&, limb)
(&, limb)
L 1) limb (3, limb) (3%, limb)
(%4, limb)
{5k hind limb (%2, hind) (3%, hind)
(3, hind) (3%, limb)
(i, limb) (3%, hind limb)
(3, limb)

(t¢, hind limb)
(3%, hind limb)

W= ‘HF’?*IJ“Jyn [’ﬁf%jﬂl’fﬂF FREE T [ f- At A5 SRR - RS Ffri}t“ﬁ 1
N-gram & i [ ur TRALAT AL D - w@ DR FTE ST EE O
25 U R P 1R s et Negram - I SHERF) ”‘@ MEMEALN
BRI (U, four hmbs) EL1 o PNES “four” A “hmbs” j bLET RPNV >
BRI - Db U R R - 2 L %‘F‘W‘lﬁﬁiﬁi “limbs”
RLE ERIPVEIE  (LRLFIT ERL TP F SRS four” REIRTRL o P ER
ebkd MIJ,{”E&J WIS VR 90 -

HESREM NE IR QHJ 91 bilingual WordNet & - —yuﬂﬂcfﬁ'@j‘d TJ[’ o
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FUTI ST BRI O R A R e SRR ¢

> FTEASAY Call-constituent ) T ¢ S EFE - {W Al Y BT S <source phrase,
transiatiom>> =% {18} source phrase flNNAE 35S S H1 transiation FlIFVFE | N-gram -
EWT’A%F%J (e MRl — FI- lﬁ sourcep]]rasefllﬁ SR RS A ranslation 1P N-gram
HE: ffJ“'ﬁ‘lﬁ]’ P fTHRedy & — b o )3 AU =7 ) “hind limb” >
BV o Ui AT —[ﬂjl[ F’?’H }{—JF{%D hlnd limb” [V N-gram & | 7t o =5 (]
"A’f E@L’L@E[?ﬁ‘@j 6 [ SR nﬂ q“ (%%E
> Fj AT Csalient-constituent) iE @ APHEAT FE TR S PR UG L source phrase
FIS <1555 S ranslation 5 N-gram g FT;JT" o — {[d source phrase flPHAE RS 4 kL
B RS LY RS TF ranslation FLAE 7FE'F FU o @%F”T\%ﬁ Sl Al el
S$f<source phrase, translation> i[—jj IR Y c’%ﬁf PRIV E

argmaxDice(c, trandation) = argmax 2[Count(c, transaltion)
c ¢  Count(c) + Count(translation)

H Hl ¢ Y% source phrase flIIRERS T pJCount( ) AP R o T < B
T, “hind Imb” >EL{] o ZH{MEE Dice( “i=" ,  “hind hmb ) I Dice( “E]i’ ,
hmd limb” ) ¥ HL \_ﬁj A RS e [N ’Er? Counf “%” , “hind limb” )#!

Counf “"¥” , “hind limb” )&% 1 = Ti& ;~ T~ A1 “hind limb” 58 F “*EofRH] %
1073 ~ 201 ~ 1 » PRt gy Dice ffify "o ) WSS TS OB 0E S S
ARG Zﬁ( "5, “hind” )~ (7, “limb” ) AIC U, hind limb” )
xglsﬁg” =4 [FEJH I i[liﬁqﬂju hr:@iﬂiﬂ?@ 4 F”"Dflrﬂ%ﬂjiﬂﬁ wrr,;g}ﬁijji»—’)}_,j:f'
S F[ UaTE FL‘I o
- prg @A gy SR f’i& [F’ﬁfﬁ’ﬁ PPy rﬁ'fifég?ﬂﬂﬁ%@’?w“ﬂ'ﬂ e
FRE: & A9 N-gram [Il55f o B[y 520 SFERTRS TR | B 2] poEne (PR, four limbs )
KR F’?’“JEJN -gram (P45, four) }Iﬁ/ T H RS IR R o PR RS S I N-gram
f‘ﬂ#(@ four ) Y527 A IR o TR HE (R Z5 T ALF] R R RS RS Tk e S R R
ol Fg'J/J[pq« vpﬁ,\lﬁ%ﬂj\‘{\pﬂf'ﬁw F rafggp artrﬁ;ﬁ | threshold ) » =5 {4
IEIF' F‘j"l Y T R s R AR [ R E o It j\d?wi” I’Eﬁﬁiﬁkﬂ
(soft constraint ) [ E IS ’é YR~ W }JIE?T A fi’f‘jf%r(feature) !

SERR 25 A~ ORI S S O - 15 1k
';D%] OpuE— WAy Y o (PSS FRE ST TEHI?EITTVL"EI B SubTrans (F|F] Fi iR
[J~ ) o SubTrans fL— {fi list £ 7 3 82 (source word, target N-gram) > E [l source word
BT QPR e R Rl ﬁilb)’i&ﬁlﬁlp '] *[ﬂl L% (bidirectional conditional
pro ab1ht1es> B A Y A Wﬁpuyn Irfj ;{1 FRR Ve el ST A SR
TR ( character-level )'*fF' o CandList [ |7 o < (5(c( source word, target N-gram), P(target
N-gramlo) - P (dtarget N-gram)) - H[*“[fl KSR P(rarget N-graml o) P(dz‘argez‘N o7am)
FIRLE 1 7g# ( character-level ) $5jspyu .#;FH (parallel corpus) 'y = I'JF 15
T R iHF'EJFIj SRR B AR SV SubTrans{( " B “appeal” ),
( "E957, fpolicy” ), e+, ("R, fwpper” )N CPUEET L “limb” ), (P
“limbs” ), «--, ( “HIE" “prosthesis" )} o SREY R IR A5 AL N-gram fUEFESE
@i"}lﬁ’iﬁﬁf‘_é}?ﬁc‘%&d CandListfll (' 2H &= ).
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procedure GenerateAndEvaluateCandid&gesE, C, CT)
for each constituergtin the OOVO
(1a) SubTrans = RetrieveSublexicalTranslatiorsQ, TE)
(1b) CandLigt[position €, O)] = Bilinguallnfo(SubTrans, c, C)
(2a)Sraight = CandList[1]
(2b) Inverted = CandList[|O[] /I whereQ| denotes the length &f
for each constituent positiap >1 in ascending constituent position<of
(3a)  Sraight [ = CandList[cp]
for each constituent positiap <|O| in descending constituent position<of
(3b) Inverted [1 = CandList[cp]
(4a)Sraight = Monolinguallnfo@raight, CT)
(4b) Inverted = Monolingualinfo(nverted, CT)
Candidates = Sraight + Inverted
(5) RankedCandidates = SortCandidates in decreasing order of probabiliBy
(6) Return the topl RankedCandidates with probabilitiesP exceeding

= A T R L R

T HPER AR T I Y CandList A

source target

CandList c P(target N-gramic) - P (cltarget N-gram)
word N-gram
¢ 2% appeal 5x10° . 0.17
44 . 7 9

+ K upper 0.02 . 0.56

3% P limb 0.05 . 0.01
CandList[2] 5 A limbs 0.05 . 0.01

5% &% prosthesis 0.004 . 0.12

= EIES M EAER puERE - 2 I'F'EHE'FIJ EAE: %ﬁ'gﬂﬁﬁ%?ﬁ 3 o HESRA ARy B R R
ik | W B T T o B ngn\ (re-ordering ) {ohLF| fi'f=sE % - "ﬂi/[[ ) r?ﬂ%ﬁ T 5
F i [ B i ‘adjustment” I “air” > T FR [ JE‘?"?E[H}E_W?F' “air adjustment”  °
MR =R Cstraight) A=~ Cinverted ) Fii[ﬁiﬁd £ PR o 'iq%‘l'“ HWER3 1>
Straight #{! Inverted F{ SR, A FIRRPYAT RS L BB T RS T B R S B A
F oo - [FRF'F\FJWEJW%J['%\EE TransCand N4 7 —¥JJE"T£_E“%H:[[ RS EJ;'A,%_FH\
T%IFL[ FHEr L

I:{rans = ‘i/l_l p(c| |target N - gramj) [P(target N - gram, |Ci)
¢o
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EET ¢ PR3 HIF VRS Y 3 1 z‘arge[N—gfam Rk ¢l {32 7Y TransCand fIEE - I

;F;[Ha] S N el e o 2= “ERY “upper” ), 0.02 - 0.56)HI( 7,
C “pET 0 “limb” ), 0.05 - 001)’E 7J i&lf’ﬁ'ﬁifgi“ (o = "EE P R B (T HRT

“upper limb” , ((0.02(10.56)(0.08] 0. O;l) VA= /=~ " FR” ) “limb upper”

((0.0210.56)(0.08] o.o)} )

b FPISSER - 25 I A %E@wﬁ?ﬁumr - - [
Mutual Information (M) ]E}{ﬁ’rﬁ’jﬂ [E T

Pr(w, w,) ]

MI (W, W,) = '092( Pr(w,) Pr(w,)

H 1w, A1 w, kL TransCand 1119 bigram - $6° M il GETHER OB/ 155225 (P ¢ F1L1
»~$f|F‘Ju§6FIT§%Jﬁ&‘} Pruk TransCand)™ ¥ F 374 4 B Y20 (1) U—r
—t E!E!Ej J@r)

Score(TransCand) = P, (TransCand)™ [P, ,, (TransCand)™:

trans

B A ﬂ/ﬁj A E f@ﬁ'JZAi SHE 1 o Pow P FIEVPESAD 5 E'JW?I'%\E_EF”WH@@
(fluency ) ©

3F5§Tii£r:si|&[p'[a‘lfrj N it Score ];E“IW?—E,IHF'F% | O UEEIE iﬁﬁrﬁf"}{"’ﬂﬁl[
-V GRS o R RGPS & NGRS PR sl

2. I

ﬁliﬁ”“ﬁ’vgl@&#}{ﬁ’ SE S WS RS e S SR dEE Y ERUAEIT Mf ESSES |
Cin-vocabulary ) = £ 1= HIg s 2V IH SR HIRRVETRE = I') 5 515 [I%E'J By - 75
IFﬂFlﬁﬂfJ*[@%’?&W?—mﬁW% AHTTRS TSGR g T B, 570 F IR wH
RO ERL [ ) R -

SR AR = AR Cthesaurus ) @Y RUEF#yS* H (machine leaming ) % /5 £
T AR o T ARHE ”E“ﬁ’ﬁv[ ff IZFAF MY kL Sinica BOW ¢ Bilingual Ontology WordNet )
FOpr AEE ffJfﬁHJWl' El%%ﬁﬁf@ﬁw%ﬂlﬂmﬂi ] Sinica BOW F[ITi #]
&l E?”EJ’FE'[ [ RLT (] s ?Eﬁ%iﬁﬂﬁI?EL ﬂJFJfﬂéﬁJg[Q’@@H—}{ﬁ’ﬂ%"t A o

| ('F“hﬂtr*'?i’ ) - F e (lexical-level ) ;lL R [EESERIRSUN
3£§\4 AR PPN IESRFIREED 1T, “Tunch” ) AT ( Jﬁ' , Eunch )
SR iﬁ':ﬁv_ plvg At & [l '[”Z?’L% ’ Eﬁa\'ﬂ*ﬁj? HES p‘T oo T
Frat o PIEBY G PVt - EURdp - JL VR Y A ’JEE[:"E',-JXQQJ' S bﬁﬂrﬁ
PV 1R F A '%(Word alignment ) i ( EF %&Eﬁv[@ﬁ L i q"%pﬂ ,j_,ﬂ
O Marton 3% ) » B RLIEL 25 e o=t 0 AT i

o ig‘ﬁf SYM53 A PR Cdistributional similarity ) ﬁ‘/iﬁﬁ**{ﬁ fli% ( maximum
entrOpy> L Flﬁ o IR AL D IRASRLFIR A FERFIEIEL > 25 PIF

JE IFI}‘H‘TJ_E
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Hl utd‘“ (Y[! Chinese Gigawords ) [ 1% " F[IYF| ¥ F ( context words ) ¢ 53 FEfiLs
RS RS B 15 S Bl SRR
il FHI% ?D —T%J {1 IQ‘FI'[F{J Tl I—I]éJ }1[[ I’ﬁ;ﬂ i*é/l]l':?l [ Tngiﬂ}{ﬁjglk—’j
A ol Ul UM R AR 5
. (data sparseness ) [fl 1 s ST IR SRR L A 2 o = T g f A )
#@Fw&mﬂmwwEmeWWﬁnﬁHﬁ%ﬁﬁfﬂﬁM@Hqum
1999 > SR i HLH AH e -

AR T ERSFETRVEITY > Mirkin 274 % 2009 £ F| F'Jﬁiﬁq”% FIl Centailment rule )
RETE A - TEIEITHNEL | 00 A TS B A B L A SO o
A o IR Aikﬂﬁfi (specific) Y& » i) B [IF*f— 4% ( general ) o B[y HFu
I “skyscraper” ' IJHEHIL “building” ﬂﬂ’fj':f SMHER FIFIH] “building” FURTE
o BE “skyscraper” ° Mirkin 35 * 32| WordNet o~ Th 5 EE YA TV ?"éi‘Fﬁ% HIJ CH
ABUC NP R I AN FA S thi > FIPIERL WordNet VTSRS (synset)) o HrE&H
g TR Jﬁf\ I FZRE 2R bAoA RCY AVEIR - R o TR
riéﬁ ( post-editing ) % ’?”QI 7JJ

(=) *éeffu B

i #@ﬂ@Jﬁ?HWﬁ@H%ﬁ SIREAE e 20 J‘%
joﬁ# RO %%ﬂ%ﬁﬁﬁfﬁiﬁﬂﬂwm&Jﬁﬁpﬁﬁ - 1
LT R - P L “*F%‘*éé%‘%ﬂﬁ v TEA
( pre-processing ﬁljij:ktb*gﬁpr el (Y J/ (U R o2 ) > e A '”H AR
SISt J?ﬁ?,ﬁiﬂﬁ T

(1) P HIFIREY PR T o

2) W%?% ['?&Qa['q}yﬂéﬂ blgramf'ﬁ( skipped bigram

pair)

(3) fiilt b

[faﬂ: R RTES U i E

il R VRS D R - 25 1A (Smadja, 19930 [0 IO
mmeREr (U0 Chinese Gigawords) Hlﬁlqvﬁf[ﬁ Smadjaﬁlﬁﬂifﬁ AR RS AL
AfE'A’ ELZL i%?‘if#*ﬁ%"mmjg BT BRFHFL - (:Fﬁfl R IS (e s

SN F[ﬁ:FIJ @ﬁm i y PRIED 4/ ﬂ(ﬂp Fi:_cy ;@4\ Iﬁ:
: H

NECI X S

Bl M PR 270 ﬁ IEILE J@/D TE S (B FEI e E‘P'Fﬁ (e
Bh)ﬁ-gmwfmﬂwuwﬂ PR BT R GO A
THK

F. #ﬁﬂLwﬁr@M@fﬂﬁﬁPﬁ AP -

H uﬂfﬁf g 0 7Y #ﬁ%lﬂf‘ﬁﬁiﬁﬁ M JD%:;?E‘??”?H& EH“IF“F'JTET ’
% F’W”J ¥t Cunderlying) * &= %a‘éﬁ‘ FARY Moses 14 (= ZRIF 1% & pUBTBR
(phrase table ) “FHEL G 5E o Moses F1-F[H] GIZA++7F (B9 G % ( word
alignment) > ™~ f&H] grow dlag final [ EIER Flli—ﬁ GIZA++ S p T S EER N -
ﬁqﬁi@i f Jﬁ“a[ F"f/[lg = “E O (R, “play a positive role” ), (& T
FERT haveap051t1veeffect ), e, COCRD BT “getupearly” ), (B N
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RBI” ) “getup very early” ), -+ }e

B AR T $H A — F[’?‘}EILJ” P L gag kgl 25 I’F'ﬁﬂf’ﬁiz%ﬂa”%ﬁ%ﬂ%
P PO e i fﬂu 07 TR SRR TR 1
?ﬁﬁgﬁﬂg‘” ‘?”ﬁ%f’*ﬁ( “E® TFr [BR]7 ) “play a positive role” ) e & H A
17, “getup very Lﬂy ) B[] e 1R E T IFALAL S P OEE N AR R PN TS
@*E%Eheef“‘ tE AT ER “WF'EJFI’ ") fgf“ﬁ%ﬁl%( B < 1550 “play
role” i/DF/\'i‘HFEJ'Ef ERERE T8 A TR S ME T RS ¢ e BT
“getup - early” e ‘9|Fﬂﬂﬁ’1§7 Wégvrﬁ Y ESEFE (E AT bigram [elS5f > [NEL T
HIR2s }]K«Lrﬂj[n =]

TR > ST FIJQ'EI"J[H“'“{? & Cwindow size ) [ [E S T% T pOss G © #
BT AT LT B OB - GG v 5B €t i
[gyl[gg;ﬁJ%tLJ puggu Fal-—fggj E i Elﬁajjﬁiﬁf [_E] F%;[fﬂjj N F;fﬂj%u: » o Fkﬁ]#‘lrl r 7IB?FJ
ﬂJF '| ﬁqﬁfgf‘ﬂﬂﬂﬂéﬁ’?ﬂ[' “HeHy . JTHE | “the police - flght )‘ FTHR. Y
flght -crimes” ) VN 1A POFIRRGOE fight o I (SES PR TR
J—mj’H[ﬂl‘iT T R=Fo #7801 bat 1 batting fUFHT: < [l - T & it TR AL
ﬂ' TER] ) ARy “get up” ~ “play” A1 “have” -

= {*4&%‘?@_

VAR o IR (3 T BT b R T 1T i
2R = R T j‘W’ﬁF Iir fi; 1?“‘6 'Y Cunderlying ) *&ka‘ BE SR Moses HIZ5 (Y[
AW “ . TIPERE (AT e Fpe o S PSRRI N EIAVERR] > G R
FREYR - FiaT 3.3 E\'Uﬂ%’%ﬁﬂiﬁﬁf/ﬂfﬁfrﬂ%@%rlE}’ﬂ?%dﬁl SN E &=
PRI - PPt AR A BR3P -

(=) A aﬁ‘“ﬁ%‘a?”%%’

Z ARy AR B SRR [ USRS AR R R e P F‘i“'ﬁvﬂﬁ%? Bl
Bk Fo ,iﬁflﬁﬁ I&[FEJ A E AR R oA aﬁ,“ S8 BT =% Moses Koehn
270 2007) (EELEG MR R Sk - MosesHLH EﬁEﬁu XML #ﬁqii%ﬁ%’ﬂg[ SR
& j}ﬁ {2 E&i_} T PUBE H I}fvf»q@ﬂ%yl ) 7 ﬁ“ '“';’Ul%jL Moses Sflﬁﬂpjﬁﬁ
P B (translation model ) = F,F[ﬁ;’d ( language model ) o

(Z ) =rR| & (datasets)

Z5 ™) Hong Kong Parallel Text ( LDC2004T08 ) A1 IST [ 14 7+ 5¢f] (LDC2007T09) ¢
77l Moses PO (translation model ) FIEI#HEA" (reordering model ) © ”fuj PRI
[ #0553 AR | CKIP [l 58335 (Ma A1 Chen, 2003 ) < 87 = 25 i Ef&[ iU
KJE*'}LU Moses D B9 GIZA++ (Och #! Ney, 2003 ) 2 #H 45 5 - grow -diagonal-final ?F*JET
1 (Koehn 37", 2005) 3 (f S|+ FBESHN ~ A% (Koehn 27*, 2005) [*] /1 &
ﬂmijxigﬁv%ﬁ%r,’%ﬂ‘@ = HER F A (language model ) » =Y IF?IEIF' 157= }5 English Gigaword
Pl gL 7y (LDCZO&EFW) 9 E] 800 pfl fl ¢ i/ “HJ®] SRILM — £' (Stolcke,
2002) e trigram fUF JTF R -
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bi- ﬁ‘fp’l’ﬂ (R HERAS A A P ] WordNet 3.0 Miller 7~ , 1990 {1 Sinica BOW
(Huang 7~ , 2004) J3ERTEGHIR: %JEﬁﬂm”“<F@ﬁm1>o¢#EWH@P%W3
IR T =45 Enghsh Gigaword (LDC2007TO7 ) ﬁl Web 1T fivegram ( LDC2006T13) &vE| -
S5 FFI == Moses AH[RIFY S FRE | | RRE ,ufﬂ{*ﬂ* I WIEE R ééjﬁ”’*‘” HIE A&
”F”E PSS (HUhERL b1d1rect10na1 COHJltIOHal probab1ht1es> FIE '?Fﬁuﬂﬁ i

(=) A&7 “ﬂ'vnp Bt
Dok ISR FEE T T IR IR

Kok B A e i A A (%)
1 56 4.4
2 683 53.7
3 352 27.7
4 115 9
5+ 67 53

2§ M= ] NIST MT- 08 PRI ST SRR © TR PR 1,357 prerRIfl - E) 637
I’[H =R IR (1273 (A G o g HIRE Y P A I IIFEWTJ

AT AP o T i ET Rl iMFEJf—ﬁ (SR Aot Bt s (il EJ%J ( two-character )
5F;Uﬁ] A AR FECE o BV RRE- $O R AR iﬁgﬁﬂ"ﬁ”‘ﬁ%ﬁg%
2. ﬁ[ Iﬁ[ ;elpj;%?ﬁ{“l S MBSV 100 fif & f‘f‘J (= p- > = o (two-character )
?ﬁ'?ﬁjﬁg e ?vf' YIENES I S S 100 [T HIR TSI SR AT -
S EI LA "ﬁf PRI A ATV FE (- NIST MT-08 PPl B 8758 (reference
translation) FlAg A CTfe o HEGORLE 1] IEIJFA4J F R R IRV TR o T R F\IJ'ZW

A PR Hl%ﬁ‘j\ AT s D453~ B combination forms 5 » f‘Fquﬁ;H
H’ S S S

AT FAHE] LB

A I
* e A w A AT A B 2 WA &)+
i <
Order Variants  Sequence of characters reversed withowt iv(iv7) (treat) 1
changing the original meaning
Writing Replacement between simplified ands % (% %) (study) 1
Variants traditional Chinese characters
Domain Domain specific terminologies ¥+ 7% (service support) 2
Soecific - & (setter)
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Word + Suffix Words composed by a content charactdr ¥ (busy) 4
(underscored character) and a not translatéfl+ (stove)

function character

Informal Used in conversation or informal writing —g £ (worth watching) 6
iz 8- (what)

Old Use Words rarely in use now v # (60 years old) 8

# o+ (all over)

Name Entity Name entities could be transliteratedch a # # (bush) 12
person, place, and organization 4 (jiaozhou)
Segmentation Words erroneously split by the segmentatio#g 5% (B 45 ;%) 16
Error system €52 (& ¢ %)
Rare Words could be translated by replacing with i= (practice) 25
Paraphrase its paraphrases 3% (interview)
Combination Words could be translated by combining! % (upper limbs) 25
Form sublexical translations 4 (muscle strength)
IR S WS I oo FYPRETS BRI RIS TR RS 5 F”W? °
ot B Y AN A st SR 7 P P g
%

R o I HiE T I BB iﬂFﬂfL{ﬁjfﬂ S R U A N RO o ﬁ‘
’ﬁh ?E‘?ﬂa’\” SRR
bl H‘JPI’ 3 | R Wt G o oS A (i b S fﬁJ%?ﬁﬂ%’lﬁ%Wﬂ’W%
U3 o ZS{MER T PSRRI VB R 1F (translation hit rate) ﬁ?ﬁﬁf’ﬁfﬁﬁﬁi
At Chttp://humanum.arts.cuhk.edu.hk/Lexis/Lindict/ ) ~ LDC & &34 (LDC2002L.27) ~ I~
TR B R A (character-based phrase table ) ~ I 5l e fuB 8 # (word-based phrase
table ) 7t 25 i combination forms g 1> (3 {FIPVERF 1 55 kL 0.64 ~ 0.68 ~ 0.60 ~ 0.88 -
TR B A E Sl OB 1 PR R (A AT S BRI R

F SRR cace [fU R T IR R BRI T

ERCRVES G e sl b+

* A i i * g Hiea? 2 350
FCr* ) e FCo* 17 3 (upper limbs) S i)
FCr* 4 T* Co 9 4 % (upper limbs) ¢ =
F*C1y 4o TCo* 2 2% (quake demon) (3 & & %)
"*Cy fr " Gy, 1 s (bell body) (e &)
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(1)

g A e S FFET S0 FIJF[LJEﬁ ﬁif‘ﬁﬂi R Ctune ) PG FIIFV ) S Ble— [l s
W?['ﬂlﬁg(ﬁ\fi‘%ﬂ ERLH s %ﬁé}ﬂl‘ij [N Jg”?l'%,f& VAMEAR & 35 50 fIpv 58 R
By HJ?W =D WS A I o Y 25 p A HIGELRLE I combination forms ©

By EH] [i%} BJN’ =y [F'EJFIj WA 25 () B £ F | combination-form FIY o 1R S
T [ N];!ﬁﬁ JW o T [P BH é‘fﬁliﬂlMeanReczproca]Ran]((MRR) S ]":~]F‘[
MRR f“;‘{ﬂt IEUF' T‘ir —ﬁwﬁ[fl'lmﬁiﬁﬁé/%ﬁmlli‘i 9y [ R R AT
MRR /%50~ 1T V] > 1~ [ R B RRARL v 78 HIIV s T o e SRIE0 ] [l VY
P 1 MRR (o T B ENFESF ~ MRR ~ FIEEf Uﬁﬂjf T EEE  (time complexity of
decoding) /& » =5 " NFEQ‘E‘ 10 ©
F+ NFAIMRR V7

-

H

N &25B ki vgsRaBE MRR
8 0.27
10 11 0.28
20 12 0.28
40 12 0.28
—*—Moses with OOV model
BLEU
—®underlying Moses
11.8
116
114 . /\ -
1.2 —
11 i
13.8
13,6
104

6 7 -8 -9 -10 -11 -12 -12 -14 -15 -16 -17
Threshold (log(H TransCand))

W=t IR BLEU 87 cH

Mt n 0 7 'J“J*HJ%F ER TR 1?%&7 S"EI*J SiMpIRT & 3 BT NS
BIFLE ﬁ%ﬂ'ﬁi? ﬁ xﬁwﬂﬁ :“ Vf@ﬁﬁaﬁlm° j Eﬁ'ﬂﬁﬁf | Ui PRI
(5 > Y POl (ot 5 [N Ek (R PP O A PFUW?I%J\E{’ o B (RIEEE
SRR A 0 I&[Fﬁfﬁ%f’ﬁ R S AR B R P ) XML A =c' R Moses
> 7 2 b T F 6 B AR Jﬁ“afﬁr@’fo = FH M R BLEU(PaplnenIZTK 2002
?E& ‘Eﬁ’% ’?ﬁ”ﬁ%{*ﬁﬁ @[ﬁ‘: FITR 3524 [5 F‘Hﬂ?ﬁ I HE-8 [ ﬁ',f'[ E%”‘?I’%ﬁ
g_‘ :EATFLT# ) ﬁfﬁﬁﬁ [@T_“ gﬁjﬁ 1@[—&—‘\ : IEJE'\_ , FIF;I:E%'[ A 13E3]f s EJ 3 ;,;an’:
WY IR o T BRI O R FREE R D o TS PTE R }?Et | BRI AY-12 ’E" =
=5 PSR A W‘\iﬁ&?”?ﬁ”ﬁ’p&”‘" N IV f%f%
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i

g ET{T‘HF’?F{H— B E‘%ﬂ'ﬁﬂﬁiﬁﬂﬁﬁﬁﬁ‘?ﬂJ B Mosesfﬁﬁiﬁ'{%@

l%lﬁl” 8] 1,664 fUEY NIST MT-06 s ([ ERLTY I'FEJEJ(ELL, Ay ErRIpl > HE Jﬁgf

7 859 HJFU 933 &34 HI5H] o 'E“ﬁyﬂf’ﬂﬁﬁ THEETR| Hﬁﬁﬂlﬁ][ﬁgﬁsﬁ{lﬁpﬁi rerI’

ﬁ' [/F'Jlﬁﬂf IE**Ii’FE[EI?«iFII[ [ €59 Ctwo-character ) Ff i A7 E | HIFH[Y— &
933%%#{1*1{["/ (o7 IR E 351 HJHIEJN()%E@J (two character ) 7# #!

E:ﬁJ +EE  EN R VR Moses & B o ZH M-SR VAR & HRE ES

‘M”‘@“J%@' CUMERL > & B R RS LA URIAY S B
ﬁ\iﬂﬁ R 'F’?E;f[:iﬁuﬁ%ﬁrﬁf}{jﬁ [15] XMLPFQF'JDj Moses fI1 °

H7 SRR U1 ,664)

W Ak BLEU BP e T [1El ke
Moses 21.46 0.928 41052
CST 21.56 0.939 41707
Fixed 21.34 0.941 41805

FJu FRREEATL (B35

s Sk BLEU BP LT (e
Moses 17.41 0.912 10833
CST 17.83 0.951 11583
F BRI F[ FAREIEARTL o HEJRE g Moses FLIE )P EZ5 8L 19 Moses € ff i ]
Bl Sk CST [ 5% Moses with combined sublexical translations ) ¥ BLEU V77 By 712 F|

AU B Iﬁ'i CST v FEfTRE| (brevity penalty » kL BP) (I PIRFRY FH
PPt 1 CST #akfir: & L pusrEs ﬂiwﬂlﬂ”:ﬁ‘ﬁﬂ_ﬁ ( reference translahon) Y- A g
FHRT - 45 AR CST 0T 0% % (OB SHIVENN BLEU 5) S o 1=
M Moses Emi%’ﬁ”é@ﬁltlﬁ‘f’i*‘ b B TP e Fixed (AR D l[ﬁ'f
Ao B FPHEG SR E Uﬂfiﬁ [Y BLEU 75 8¢ [ ERRE ARSI (N8 T
= [MAr 2R T pu | Jw'ﬁﬁi il lMFEJ}lﬁj’”E "¢t Moses # # G R pv S ?\iﬁ'ﬁ]ﬁﬂ
Pl (Fixed) ZHNY TuT” b TR B o FRYIA T o STRPN [PV Fixed ¢
134C|J“§E<2§J/EW lg[ﬁﬂ%ﬁ@ﬁluﬁﬂgﬂ?pqi@ ' 1< EJ R [VYER » BLEU fusi BPRL T vlfll
FI o = PR CST Sk R S 4 1R & 1] %ﬂ@%

FHMRGE B hmhES [ 8 351 poflRs U & 4 AR B RE Y BLEU %‘Ci‘(%ﬁ'
FoJu) o CST kLA 0 Btk Moses T BLEU 5 S I A R jurs
F Y Cstatistically significant ) e =% {f{fi™ | Koehn 7+ 2004 & £ LE Y bootstrap resampling 3F
P [ EHQ‘ ( significance test ) ° fE3 ] B E 5T Hrfik [ (ﬁlﬁ% rO B R
PR DR TR SR B CST S5 g i BP s
[ ] (relatwely) ’?‘rw 4.4%V %
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ARATHFVER U RS 7Y PPy ;Dﬁw“” ’} ST ﬁﬁﬁ_ﬁﬂfkﬁ;; ok S > 5T
(S B PRI o PRI 55 ﬂf”a&l” S B %ff'fd\ﬂfﬁ i
A

T A

i A T SR |uﬂr“ﬁ‘é’éﬁﬂﬁh—wﬁﬂJ%ﬂ‘ﬁﬂ’ﬁ‘?’w Eictall oV R SENE A
ﬁﬁim PriFEFAT 75 F (combinational form ) Sf\iﬁlﬁﬁliF“lijj PR b SRR
1_J/5Fiﬁ'ﬁF“m P9t ”:ﬂf“ﬁ&‘éﬁﬁﬁéfﬁj =ngi F 7 ST 5% ) R B
T T KA G BR ok E (B ) RS S T gy
Jgil 7‘:1“5) iFﬁ EJEM&“HFEJF L ri%v’“{'ﬁq”F"J RS POTR o P
f RS wgﬁgﬁvﬁd%"ﬁw TR iﬁ“ﬂg ﬁ‘imﬂj ' CAURE RS B :'E”[;w;w
%‘55&4 - rtlﬁ”qﬁ S pﬁ?¥§&—{s}i]ﬁ «nF/\[LLIr, ﬂjﬁﬁ%g Iy[rﬁ-g/l%,]i:%\[iﬁl [L*]T' IJ 7,5;&‘
A LIFU luﬂ RS AN B AR Moses 7 o S HIEERE RY T B R 'ﬁaipjgmﬁf 28y f
IWLEJ F[ H H‘{jttlj f 7 af\;p—“jﬂji ?Eg?zﬁ «rrf/x hF[Jﬁﬁﬁﬁ\ip—Ejp I }L'T%[KRIEE;{: Eﬁ‘fﬁ%ﬂ
(brevity penalty ) ~ “~NHEA| & 53 F 4 HIFH HH Z%ﬂjgﬁj’jﬁ[}, ihf'ﬂﬂiﬁ'[ﬁz&qﬁﬂ%% - Hr
?DJ'F“HW F HIF T F Tk (character level ) ' FeRL=14IfY Cin-vocabulary ) ©

%?iﬂfﬂypﬂmﬂiﬂf’ﬂﬂ 'H’ﬁ”' ks “”Tﬁﬁ?ﬂfl | = 4 Cthree-character) FiAY
RLI e T TR FTJ{EMEF & JF[J 'Iﬁ]1 in'ElfLHff; Fol gk P TR © T
r@“'ﬂ“ﬁu T =Ry Tl (natlonal) "R (sc1ence) H W“J council ) » i © !
E,J Bl TR | Ctelevision) 17T Cstation ) » A8 F1FVAE "?94 [ EefRe = S I o
BIOR 2 R T2 e 5 AR (flight) ~ Wﬁu Ctrain )~ 758 | Cclass )~ i
7 Cahift) 5 A7 y P AR Hw*ﬁ'ﬁt?'@ﬂ‘fﬁl@ b
’7+ » FH PR A ﬁ%iﬂgﬂg‘* A= CHA : (Mirkin <7+, 2009 A1 (Marton 7", 2009
PR E R R o ik ’E‘Blﬁi&lf'ﬂfﬁjﬁiﬁéﬁfu F’?[F'TEUF“W WE iMoses TR
W PIYEE (575 T’?ﬂ AP BT R pTE TR B iE:”E?‘**é NERRETE  ZS
YQ?J“E“I R RS [FpoTs f B R J‘W“J IS PR R v A R R
R Y IR R ORI 1’” GEE IR

AR SEPI S S KSR 1005 % i BRI | e
GLFTE | BEE -

%YL
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Collocational Influences on the Chinese Translations of Non-Technical English
Verbs and Their Objects in Technical Documents

SHETRET FhqF PAE B2
Yi-Hsuan Chuang  Jui-Ping Wang Chia-Chi Tsai Chao-Lin Liu

B BUE KRS E RIS %
Department of Computer Science, National Chengchi University
{99804,99916,99906,chaolin}@cs.nccu.edu.tw

RS

AR G B B S AR Y SRR T s E SN R B AV E R - SURNE
SRR 2 e rh A (i S S E e AR B 1Y SRR SRR BCE N B B R R Ry S5 44
sl AR B & SR AR IS S BRI AV EIREE © AR — il ey N AVEIEERCRY - (Rt
BEHIE S A ea 0 Rl > 2 S H BN S E R ERE S 2 TMFIA 2011 4£ NTCIR
H SRR TR HVEE O BREERHE R E R E AR  [FR A H - ErIREE AR
ETEER > HERENEES B T > Wi E R EIRE BT = &Y
e d 0 [HERSRE AN UHE AR RN B s s T oML S H 5 5 A S S R Y
FEERE -
Abstract

We investigate the potential contribution of a very specific feature to the quality of Chinese
translations of English verbs. Researchers have studied the effects of the linguistic
information about the verbs being translated, and many have reported how considering the
objects of the verbs will facilitate the quality of translations. In this paper, we take an extreme
assumption and examine the results: How will the availability of the Chinese translations of
the objects help the translations of the verbs. We explored the issue with thousands of
samples that we extracted from 2011 NTCIR PatentMT workshop and Scientific American.
The results indicated that the extra information improved the quality of the translations, but
not quite significantly. We plan to refine and extend our experiments to achieve more
decisive conclusions.

B kA ¢ PkESENEE - RS - BAGES B

i
SHIEE AT R EHERRS > BIEE AR FIAVER ~ ERA RS - e
GBS - AMMEARE BB E SR © 3OO N R HS 5 Bl s R A 56
SRE A EAERE S E B EEE S - NEMESSUER PR T B BEIR
HYRESE > FOUR R NEEWEES » AMET 2 WI5eia > B UF Ry — I NB e E

1.
-
==}
i
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% (EFL learners: English as a Foreign Language learners) 552 H B BEEERY S0 E
OB JEHCHEE N e B RCAH & b A R SRR AL o B0 > T take pills | —GEHE
RIS BN ESE » TR g iEERE L 25 | MIFEMHES T1Z8E | - HIL -
BT R AV Eh R B R AE & B S A TERAA RN AR - WA B R E1E
T MERY SR A TEERHE - $a0sEEh #4540 (V-N-collocation) 7 UJHY £ FERH (% -
HIEEIREEEE » B TELHEE] T HACE -

BRI E R —HE R B A R E 2 - T R @ P35
B filT A R AR 55 B Ry BB A S - B 3B —TH BRI » BURIS8A Ry 1 5%
BRI{SE A A [EleE = 7 v DASL[EIRR g S TR SR 2 [E]HF RS METR B AR (Re€ 9, 28 ]
DUFR ) 2 finE = RV B A1 S LR BE B LAY S BH Rl - A SCE AV E B B T DATE
Google Patents beta[7[#2HEVIL 3 HACE RIS E I - Google[6]55fE L FIHVEFE
RHEESE T EERI EEREGE - DIHE EmGEE S hfsa KA 2Rk - B
PREEEE S AR E L RER » ATERIR B A 2 MdE S AR A S E Wi~ e /D
B o WERIATRFER SO E IERERENT - BESRFL T f4sa7E SN » FIGRATSC ) 458 RN SRk
R—EMEREANRE RS EER FhlEiT 2 B5ACE BRI EHEAEE S A
AILEIF BRI - HIL - IR LB S E S VBN E BRI E S EH T
SECHER © AR HERSCGE S SR IUER EE R, » PR a2 slEizis
—RYE IR e S E B -

bR T A S B A SEATEEREO] » AWM E JT o iR A S sE S
HeEE7E[16] > DAt A FEEERIE S & A A EIVRHE o AR 850 a RS
B —HhS RS R BN AR s S R MRV R 5 S B B R E
HIEE = BIEFIEAY « RWFTH B DL S Bl fe 4 B A 2 1L B A SR R
RE  NERZ RN RIER G AR e g AN E YA 7 5 EEE s S 45
R S A S S R fE 2N 2

FABEASCEAIST - B S5 3 A SR AR BN E B L 2E5E
b A FHE R B RS T RIS a S AR R S O EE B e N OLEY
A E = ot e ) e ar I ES S a T o O BYAGTE 2 B 1) N W N S E &I Eap |
ZH AR A o Lu[B[FR A B E S B S m) S A TeE R - BZIH9Teadrs HoE
B BAY RS BRI DCESATEERL - FHRIEEASCERY H REERE - KA S E AR (E
/NERAL o HEREE T =HEIEEA © (ARSI e A - MR E RHYE T KA IBM M-1
Ryt S AT ST - AR S SRR AR i = 7] 2 97% -

R GE SRR JTH » Chang[1] Al B 5 iy v S E B F—E 5 B F
RIEZH - (B SHFNESCCEM AR 24 2SFEg(OlE%E R e R 2
B o s 7E AR S Y S B 2 SR E N E E R E R E - (e
FHVSEERARE » SHA MR AR IR S GE RN E F IR S ZN S E 5B E - 3% AR H0RE
AR B BN R R O RS e TR A R BT B R O S S R S S S e
R B AR BRI R A BE > W BT SR8 B EE R R R SEeR

RIEEZE -
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REA B AH-A T EIBIISE » Venkatapathy[12] 154571427 multi word expressions
(MWEs) - BRIt EE N HEEREEZRGER - HIRA—E70) MWES &
HAESOEGE RIS HRERAG RN G - mE T — (S8 510 (V-N
collocations) »H7 2% B5C 243471 H A2 MWES 1R #1472 By4H-4 M (compositional)
5 R IEEH & M (non-compositional) > 5L — EL s f 59 A8 BH A/ 95 1 Y0P 2 5 REEH %
(frequency) ~ A5 EEGEEA LSA HEAVSAHRABURF 0 HIE © s 9T AR 5 So B
Frea & IS R H I AE L < 52 9E B sE M ir N BT AN TR s s Rt e M EE Tk
HETERIRE » W EatrV R E (ERHE > (ERmEFLL SVM i « e B a0t
fEERE R B —F R — R E B AT N TSRS -

2. FERPRIRI 48

2.1 EF[zH

AHF5E(sH A Patent Translation Task at NTCIR-9[9]AY— & S0 £ HERY B A SO AE By
BB FEEEE » F VST R fRa o » ARG I 2 A EH ERA (% -
BRI F R R ~ SCaGER i BE R AR AR RAE TR S
Y NMERFINIFRIIE - EEEHTIRER &z - A5Tedh > Bifaiaddali R
S AR - RIS —ER A —RECE IR R P E s RAVEE
BERFSR (2% ~ 5k ~ B9t - BESE - RISt w9 (FRE R s —ER A6
—RHZ A A E TR SCE o AT BRI SR 5 2145 [15]43- 555250 H)
HIER % - TAMEE PGB F 0.3 U = 7 B 0V ) {E AEMAEER « 7
A—HEHRAET - EEAER e G EREHA 338846 4H ; B =1 =&
5 SRR 1148632 4H 4G A1 By AHSEATEER -

2.2 RS
H (i S [ASTRF MR N RESE SR B I B - [16] 1Y 1745 5 SCEE(E FHRZ T ey SO 31 2
7 L 63256 {[E JL BB H 1Y S ' ) o AT ST i FH A2 63256 A E Ry S — (oo tfratokte

3. WifrtsaRiEE

Fo T RENEAIZEERE o s & ER - TR EA R4 s R LB e g LUERRRC R & - AT
FIEBIR b Tt B i e E AL 7] HUS A ARy 138 {6 [FI<E g i #4573 Excel %
AMEZE - EEANEA 1TTMB W8S Riifi a2k - Rl sk > B (50
it aa B AT B ARy s SR #4Ee] > HE ERE (A ME— » AT ORI e I El
s SRS — B — A2 -

HATEFRAER M #Aaa 2R > SR oG o BV Sea PR i s B g s (R —
g% » B E-HowNet[2][5] 5z WordNet[13]2E B bR —fisa s - & Ml
sl ARl R o AWTIERE Ry o B W R BRI sk R A n] MR A4S h— A FHHYEA
e o (5 A Eh R A R ROl #4520 ITTHY T 2 » E-HowNet (A& 88075 {[E] 52545 -
SEER R Rt e A 71333 {8 53 B A i B s s I Rl 45 - BT
Tt BaR o #5a 2R TP HY— AR 5L S5 5 - WordNet (A& 154754 {8 550G 2 fe O A o8
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Fofiiaa || —AEER Sehpin || SEEEIEE

= g | | 4 845

S

A

- SRR

Fo— ~ TR LR G ER
BLIA] My dog also likes eating sausage.

nsubj

3@1"@%5{%@ poss advmod | xcomp dobj
ol (R [ |

My dog also likes eating sausage
PRP$ NN RB VBZ VBG NN

Fr A& | poss(dog-2, My-1) ~ nsubj(likes-4, dog-2) ~ advmod(likes-4, also-3) -

aEiE xcomp(likes-4, eating-5) ~ dobj(eating-5, sausage-6)

HS ] P ZENZ R ©

iz ajfE{&fE | assmod(Ji-3, Fk-1) ~ assm(Fk-1, HY-2) ~ nsubj(iz-5, J4-3) ~
&t advmod(z-5, ZE(-4) ~ dobj(iz-5, FH5-6)

FRAMfsE A WordNet A L2058 T 80220 {[EGA%f o 4% DL FAgHl - IR AT Ea224Y
H&ER 2 14%HVEE ¥ - IRFH 690640 4HF7 firtasdga s - HFME(EE /ST TLEAER i 45
s AR S S o 1 DA B — A 5a] S A 2R o an T 22 UM -

4. SEEEIAE

Kﬁﬁmﬁ FIETEE A EAR AR —FTs - DA N B —/ N S BERAR -

41 FloeaEs

Feftrtaea 2 FytE Granl g » RIEEERAPIE A RaEE e =0 18R ir e b TE ST
)ty R g > — &K bR I IR R flo 4 5 R EC 0 G {3 A Stanford  Parser[11] Y
TaggedWord() pR%FE & sl Mt Fyaad o AMHFTRHL T #eaiEac & f T B S e By &
WER - DU R bR i 5a & -

4.2  SOCEEReE R R R D

AuHFZe(dFH Stanford Parser Kz E: englishPCFG.ser.gz g HUFEAHF B 4] » g1 FH

Stemmer() pXEOETTERMEIR o BTS2 SN SCHE T TR E R 0 B
Stanford Parser ({35 - $AE R S ARECEAE © Bffu s e (0 B G g -

43

w52 SR 2 2 0 RS0 A (Y B TR - B PIEEF Stanford Chinese
Segmenter [01:E{ 737 » AHHBTT TSR LAZE A - [ BERC i A4 E i S B R i
-
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4.4 RRE(REIEIT
AHft7E(sE ] Stanford Parser B L A5 EI[H (A fii4htes - Stanford Parser H[gH (A ST 3
S 27 BOUARMBEER - —{Ea)F&OB N o] USRS E )28 S OER (R - &
HE—R LG EHEN I R F XA GeaEp - 27 OGRS
"DIRECT_OBJECT , "] DAMEECENEH 5 SERYENE R RSS2 - (LA T dobj | Rt ;
DA — NS0 R 3l - BliaE Teat ) HY G245 T sausage | 0 LA " dobj(eating-5,
sausage-6) ; f&Z50 > HSLA]HY [ dobj(iZz-5, FHR5G-6)  tEankt » Hr#i 5 B 6 AFKE
G AE S AL B K o A58 R 58 S0 R HR SCAY ) AT 0 2 il EY
"DIRECT_OBJECT | E/nA 1554+ AV A 41 & o S0 05 SRy 7= B T 5y
englishPCFG.ser.gz » 5 SCEIfTHYE S > AbFFE(# A xinhuaFactored.ser.gz ?ﬁﬂﬁ@@@
FiBE o ST BRI S 4] - chineseFactored.ser.gz FIl g FRECEE e RS A e

5. IFEiAULEE

Pl 75 24K O R BieE S IRV B 4 sa 40 S T 91 A BESEAS SR o A ST (E AL B B A B HAY
Tz2FlzE (dictionary-based machine translation) » £ FHAYILERF AR ED » 43 Al 23R
AL R R L [3] 81 Dreye LML FFHE[4] - (HiE RARGESUERFIAVE A 2
4 > IR Ry S g B 1 Y B S B g S FE Y HR ORIl R s A TR (ISR DA = B N Y B
YJ%ZEPTEF“ s g Ly BB S B AT G s R i L Hh S R s B T
A E Rl - R BA A —5a 258 [14] 52 E-HowNet[SJEET AT FR5E0E » §%
Fr gL A F PR OoCEN R B BT EE) aa s SR -

5.1 FoRELAHf

[T B I [F] — {82 SR i e 2R S BRI 0 A SE e [E] S R A TR 43
AL RERECE R Dreye SRILUAAR g gy O IESE s & 0F - B HISL S Ea sehy
e R R - KAk AUTER T IESH I ) AR UER R &0f
Z &I EE S [ confusion | HERY H SCEE S E BB T -

5.2 @ﬁﬁ a2 RE AT PR s
WRAVERE S 28 240 (TR A —ailZeE ) fefibr FRaal A s ks - DLFE 1Y ' confusion |
Rl FFIRIEOE R Z— RSB & Of - L — P AV sl A 22— 2538 WIS 90T
RV FR e BT o Tl Ry fFH YT FRaa i rCOﬂfUSIOfU Hy R S E ﬂ%gﬁﬂﬁﬁ’
RIS HERE 8 [ confusion | YR EAET » Rt tir Bt B M= ZaE R E
E"] %uj%
F o BB O G E]
W EAEz - confusion
il B HH R Y TR O R e
A5 i Rl ~ PRES - ORBL - FEEL ~ RE - RE
e dmr gl | OREL - BB ORBLIRN ~ JRE - IR - TREL
JEEL ~ JRBLIRN ~ BEED ~ JRE - IR - fRel - 2KEL - 1EEK
FEEL ~ RE

HiI:
2} \o
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FOCEER | | B e ZRER E2FEE

49 it AR £ (Bt

o B B 5 5
indignation | fi kg —| I T N !
- EE DR AR ig Egég

£ @ BEC AR AW - L
& — ~ E-HowNet ZF[FH4H &2

e Moy e ﬁifﬁ N ﬁi#@ N ﬁiﬁi
ﬂsj&'ﬂ% -¢ HE - ER
O L - AR~ 9 - (e

indignation :

IEH, Hitges, T8
AN, HEA WA
g, g, R E
2 RIBA, B B
R, 25, AR, B
&, EHEEH, #X,

BR5Z
ML

53 {#H] E-HowNet S AT F 5%
[ — Ry 5 SCaAge T indignation | S T SCAER AL E-HowNet JERERRAH S HYABTEHE
Bl o FEFAIHVILE S HFF LT > Tindignation | B = (& SCAIERAISE - 3R B IEAS
TR ERE - E =P SGERGTTE A —EREE - A EEEER Z T
g RN R A R TER L KRR IRERAE AR —EERE T R
AR EERNEE TR & TR RI(EZRIRAHR - TR - E-HowNet Y JFA L [F]
F o — (G4 - T A e E R - EfEER E-HowNet F[FRHYZEIF > T
B T ZREIR o R PO e R SRR e KRR R 1% IPTRERIR LU
HIY ZRERFEGHER > JORE PGS © PR E A S5 FI LUREARAY
FIRHEEE - AREE OO s RO R ] fEY R & B

WE =Fror > OGS [ indignation | 5 T ERFHEEEZ 1% 0 AW E-HowNet
T Y TGRSR R R AR R R R & - M&IZ—HUHH " indignation | B
FIRH L BE-HowNet = Hi Gy # R S IFERTZAH UL (cosine similarity) 55
MR E Ry 0.7 « HRIMTRHE 570258 k. E-HowNet 15-SIHYHT e s ELIL% & 5
HUFE S TR P e 5 S ) ey S e s 8 - R By T AT ERER A
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%R TE : 54098
JCEE S Eapllales P EFEEAS

dobj(round-7, edge-10) dobjCEER-12, Eh4r-19)

dobj(remove-15, partion-17) (-/> dobj(fE-24, FE}-27)
dobj(:7£-29, [FE&-31)
By - B AR R

6. JLEHENLEERHEEY F = BRSNS
4 1A » FESLBER S A S A 375041 [ 4az | argmax Pr(CVIIEV, EN,CN) | (q)
G RIS A RIE A 465866 (HE L4 E - argmax Pr(CVi,CN; |EV,EN) ()
By T HECRIRME VB & S > ARIFTE A argmax Pr(CV|EV, EN) 3
L O B YU SR AT A S i B S B Al 2H cv;
& AEEGETNEERLENE EHE T | TEmaxPrCVIEY) g
T FMA SR E A AR IR - SRV ERERE | argmax Pr(CVI[EV,CN) | (5)
HEbr e AR 2 Ei Al s - RN EAE T =
B 2aa AR AR - LR 1% > A 254091 (B3 EhZaasl &gl - e
HSz VBN E AL AT TR R BT F s S A Y oG SR iR 249591
{El4H & i AgoR] > TRFERR R S aa R o B A SRS SO Zeam B » ARHSeHTE 5 IR R
B+ QRIS B R el SE AT AT 25 5] B R 5 5 Y v SO B R SR AR TR B TR S B e 4
& AEESIEE QB UFTR - BSOS S 2 540 & e ki " remove, portion :
B, Wy BN EEEHATERT - OB AT RIE RS -

7. BIEEAEE

7.1 BRETOEE AR
AW T A G ISR RS B AR =R - WMILAFRE TE ) AR
S FEETC ) IR TV REEE TN R R TEV ) R TEN ) &l
RRIEEaaH & P8R ftaad > T CV ) R TCN B Ry T C@h#sa)el & ey @l
KA o N ZEAE) BB RS > AFUE)RIZRE S —(HE R Y
NF e —RAES REIOE RN > SIS BRI (collocation) FESEE]
SCRIBRAIRIRRS S » TIARRTFEEUE - BR T RISCHIER o7 B A T S ERIRRAY &R
e RETET R EENRAE - AU AFKMIERTE & FAREA A -
AR T HRISCEHEEE G - R T O Y ORI E EsE Ay
SCENEE o TGV A (D) G & AV E R 2 M AE BIRRA L R e - AN RE
SERVERRE Ry © BH —FOUE B E L AR T take pills ) ERERTSC 0 HEAM
S " pills ) ATDAEEER T &5 AIRRMEY AT AT UE# IS = (H s s ERR - 8
2% Ttake y JR "pills, —EEEEAIE "pills ;) ¥PEF] T 82 | BRAERERIT [ take | T AN
ARG SE © ARG SR A P e > ARy — (el o S P B IR 50> (B At A
hfERE " ZEE BT IZ IR R take  BUE T eat o (HIEMIAIAE " 25 ATDABNEE R " pills |
AIAFQ) ] D ESER i ZR T take pills ) A1 " eat pills |, R T &% ) 4 &E—RCRFIIE—(EHY
REE% - BN DB TSGR T ] DURE] 17 ) iE(EEE s - MR e &
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HEZ R take pills ) 22 "eat pills o AFUDAYFEL Ry @ WIREIRFE RIS EE
] R4 g Y TP OGN - FIHERS B — PR R = #Y T SC#E CV R T
B EV BRI - 32 e AR FodT 2 JUERNER (L FHRY T4 » D UQHVIFELS -
WRE R ETCCE PG BV ~ EN > FMHVEIEE A G i E gh Pl G AT ey
EhtE e AU IR R eI G - MR @i & T R EhE T E R
AYHERE RIS A s » AEUC)AYIFEL Ry © ARE RFFERI B ¥t G > ARk Eh s
R EREyoEh R o IR R R E A T @ CV R Rk MRS e e o
ANFORIFRBR AR R TRE - ARE T CEhE BV > AR A e Rl = e Bl Ry
SRSV A E T BV g Ry OgEhEE - AFG)RY B A > B
WIS B —flal 3 S Bhae] R H 2 5y p SR - AR e B S (A & e — e L3R 5
R R B -

BT RRLLE FE A B TR ERER AW AL A FHERC R e A4
& AT TR - IRMTERE A E T ILEHEE | S EhEE Ry O
HETHAA A LIS BHE TR AHIFTE SR HERIRFREE BRI
H1 - S E P ARAYFIIIRA A EEIRR - HEEREENMTEE - fla - EfIE0E
R 2 ] LEE = EE R AE = (HEEPuE R ENEES A E
"1-2-3, HIAARHQ) - QREMMEE  SEMEE T — » HIEEEE  RBAFAY
ISR - AR)EEA S E BB SRE - INIEE AT HY S = (S —(E RS A
AR M EE ZE T R ENEFKRARQ)NEZEER - NIILAF(R) A AERE R
B AXERMEHIUEZSZES - ERHAITRTFHEEEFEAR() R AH(HVE
ZEAHE - NEEAE) HEEEE R =B R - EREEEHEFEEEH » ATl A=
HeE T1-2- 3 BEAE T =(ERRENEE -

72 HEESEEYETR

AT F-measure FHFEE » FIZKEFEA [FIEEEFAIAVENESCR - [H1RAY F-measure
FylEHERS (precision) FIH (A% (recall) HY4FEREE o FEHER T DU FE R BRI A Z
REIEMES > ML A 3R WTHEEEN RSSO ENEEHESE  MIHE
FERIEAUIR Ry & af B MO ATE B HIE R Dl - PRELER T alE % | ForEiaEsia
HIEE R - W AR B R B E S8 AFTLL T f-measure | (RFRETZIZHY
SRR - WIEERIE f-measure B AEUE ST & AR — (2 2R BRI (85 055l
R TR SR T 1 score | iFREHER RO B R AV AR B /330 E £ 0.5 f-measure, «=0.7
RIE E SR A S IAEEE 0.7 [AERAREUE fy 0.3 « DL EERBH AR BRI R R
R R JT = 0 BT AR A R (E B e 2k b s — -+ (B EI R R YRR -

8. (EREAEER R Al E BRI

A A9 R A HE16]E @R R NEEA S r S ESEE - MRk
B2\ B RSHL Ry 5 Es » IR LA 22 B2 AR (UEJERE R B R BB RS & 5 2 i El
SRR RUR A2 5 o FRPTFI A LB EN A= REERMKEE 8:2 IELEITI BRIk &
FORIEE R -
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BHHRT— 5 RIS Z S F R EE LR

100% - - -
80% of EEEEL E )
=g I T ¥ Y r.% £ N

E: 40% Is E I?‘. IE E IEE : Is BEH k=1
20% IS- iRl S IS-E IISZ

oo e N N N N BE BE BE B NE BE N N ENE  mk=3

N v ) ™ o) N_’\/ N'“’ N.V '\/_"’) ’L_"J q/_b‘ ’\;‘f) %.v .c)‘b‘ §k=5

~AREE

B ~ B 100 6500 R 2 Hh e 2 e

B F— B A S e
k=1, f-measure SEE L

SN OSSNSO OSSOSO TS
NNNNNNNNNNN

HHHHH

e=e==f] score ==o==f-measure, a=0.7

BRg— B & S e
k=5, f-measure SEE L

100% 100%
90% 90% W
80% ?A,AHM.@E 80%

70% 70%

HN O IANONT OSSOSO TS

NNNNNNNNNNN

ﬁﬁﬁﬁﬁ

e=e==f] score ==o==f-measure, a=0.7

7N~ BRI AR 100 45 S H e HE R — (6 5 TL(E B 2K 2 f-measure B

8.1 (HEHEFCHRERIEE R
BRI a]EERE S > A eSS T S H)
HAiH a4 35811 41 -

8.1.1 EAHI—E IS S S
AERZEFESE T 35811 EMEh-LiaaE
BHE o Ji—E AR KB 2T B
st 2/ DIEE R 2/ D HER M 47 RELE >
B 25 B BRI s 4530 K © 28— B {ESE5C )
A AEILHIER Y 30376 EER o - FllgkE L
A 24300 F - JEAERHS 6076 5 -

] . Ry M e A R HE P A [ B ZE T Y

FEREIEHER - [E T HY kBRI RS R B KRR - BT K
T2 i) DA LA > HiE A EHEE S R AR B a RS R AR - FFTAT B

BEAR—ERESCEEE
k=5, IEfEEISfr B

1.31 -
1.305 K

1.3 -M
1.295

A S S

I N MM N o o mn

— =

<
™
o~ -

AR FEAX B ZEE

&~ e BN AT(4)4H & TR

RAE K 5 FRBIEEE

BEIEHE 2 = (HEFKIRA(EEEFRIAF AL o] B HMA R R =
By > Hp PRl EE T IR - B/ AEER] f-measure sFE -+ (EEAUEIEE S
HIEER AT — B A S S HE A B R EL g » BT T DASE PR 2 B T L BEHE RS — (85
ZEHF (k=1) » AFUHFAPLEBLA (@) IEBCHI A AHEAE f1 score G EIELE =AY 28 - H
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BARI —+ 2 AR s B BARI Z+ 2 BB R s A B
k=1, f-measure FFE L k=5, f-measure fFE L

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

e=e==f] score ==o==f-measure, a=0.7 e=e=={] score ==o==f-measure, a=0.7

[l /\ ~ BIREARIE BT 22 4455 FEhaal i — (i R 7o (875 ik 2 f-measure B3

SATEEPRITERAT F-measure, a=0.7 SYEHIETIE - HAZHILAR(@) GRS
ROBLEEA AU E MRS S WS R - B RAEISE  EREAAR) -
(2) - Q)R ()R B M kb HIRA SRR T A T B2 TR R
IR TSR AT TR - USSR - DR RSB AT
SRR BNA A SR OB - B2AARW) )« G)R(GVEE S A
— BRI RIS - (LR AL IR P AR — BRIk B T ASN()
FERSTR I RIHTS - FTLIEE B A A @B RAFIE SR ) » BRI
HERI S FRUREEE - BEHESEIIEI -

BB SERBTESE (k=5 WK T - SHEARMELE fI sore R
f-measure, a=0.7 fIABEEVATE RIRFHF%  FRIRILAS @SR A 2 & 5 B
R R BB A S (AR A U SR AR - AR (AT LU E5
| SRR AR B R R TE RS 20 R Ry ST 5 2 R S By ]
AN EE R LIERERS - BPE A S BRIy 2 5 05 - R
B EHERUAE e 25 6 P AT TIEN) Fr BT - PR IR I3 T TERE SEAE A S (4) R L
B (AVEBDAIAE & HERS 2 ZEr T 2 0 E R TR - A SR A (S0 A
SO e IERERR P4 i B S LEAE AT P i BB TR © 38 T DAL
BB A @RI A A @SR AR AREIT L - HRAKW) - () - B)R(O)
B ERE S S AR ATHER BT - BRI AR (LA R A -

8.1.2 FHF[FI_-+ R EEF R N 2 S 5

AWTFEHAT— B #AmE SR8 TR — O E ) B R R EM S B A
FER—{li FoCEIEER A - 1 LR KB s i Al S B A HF 0 - AefEE
HEER HFST LR B AR AR 256 A 8 N IR BT R -
{BEE TS E A BV By TR (R A\ B RISAERE I P BV — - HBRAY S FH A
CVi~ CV, & CV3o Il CVL Y HIFRREA S Z N CV HIRIE BV A G Mk 2K -
FRIZIE(EF I EHEE - PRI E - EEhEE BA R - B+ Ehmade st
HIRAE 4101 SEHOEFH S - FISERAT 3280 2 - Ml&HAIAE 821 % -

IR

L

4

= 9
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MEAMEETER — + A= RE MM ET B/ — + AR SRE

k=1, f-measure FFE L k=5, f-measure fFE L
100% 100%
90% 90%
80% 80%
70% 70%
60% 60%
50% 50%
40% 40%
30% 30%
e=e==f] score ==o==f-measure, a=0.7 e=e=={] score ==o==f-measure, a=0.7

&L ~ BREHARIERIERE AR 25 Zs B i — (i S T 285 2 f-measure 53

H R EE AR B R U RE i — (2 20T jil R B R A
Bl ST — B A AR EEE NS A ST 2 MHE o AR A (A ECH & TE
f1 score GEILLEL S AY T8 - (HRAEZEEHIEMERAY f-measure, «=0.7 » BT (4)FEHC
HIAEH G T BANE T EEM 2 H A K@) EFAAXEREAEE - FFal e LUEEE A
F(4)FE f-measure, a=0.7 WFRIAFBEPANEAEIL AR - BR2EHIGERZ50
{BEEERVE LI AR/ R AN 8 2 & H A A F R s T &R F e i)
HIAF(4) - EHEHAZD) ~ () ~ @) RO)FTHEHVENEE Y « M EA5 %
REHEE ALEEZENIE T > f-measure HY#EEAE mIBLRT— B H e fREEEE > EhEEHEE
e —EE LR FEANAENTEE AR FREAR@)ERENAHEE -

8.2 [EARE N \FEEsErHE BRI
RN HETER S > AUTFe P IER IR Paadl S 3 4814 4 -

8.21 MEAFI A+ IATCEHHE

TR N HEsE SR TS YRS e S B EE B AEE R D TEF S LA e
FeRI AR 4814 EHEIPEHE G ERNE T HR KB S RIS EhE - IS E)
s E B 2/ DR 31 REAE - S AR B Ry 379 2K - 2+ T EF S #5
SILHIFR Y 1885 FEE RO FHISRE RIS 1508 % Ml &R 377 = - A& JLFT
T o AE BHER A 7B — (5 38 R 7B T (5 R Y B S AT B [ /S B[S R T i — E 4
EAREE S HE - N R E R D (B EAEERAY 13%) MBSk (B
B2 N SCE AT A S A SIS ) RS T % 2605 f-measure 5= HYBCEGE AL 90%
A e

8.22 MEARINAEGFIIEEE N Z T EE

AFEH AT+ I AL E RS T T BRI AV EEE B TR B
M BB AR REA S IR A s N IR KB RE - =L
SEHIRAE 689 FIUESIV IS > JIE M 552 F > Wl &R 137 5 - 40T HIE
THR > B AR AR F B NS4 f-measure AYBISA AR EEAEAFI —+
HEGBF I AR ARHE > A e DR EE RN A O E A RE R —(EE
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R N HSEEFERINAERT % A Rl N B FERINALEBR R AR ARG
k=1, f-measure FEE LB} k=5, f-measure 2L & FLEY
100% 100%
90% 90%
80% 80%
70% 70%
60% 60%
50% 50% ﬁ—kﬁ
30% NPT, 40%
30% MMMMMMMMMMMMMMMMMMMMMM 30% MMMMMMMMMMMMMMMMMMMMMM
e=e==f] score ==o==f-measure, a=0.7 e=e=={] score ==o==f-measure, a=0.7

[ ~ BERARIERIERE AR 9 55 Fahaal B — I K (8 E 2elks 2 f-measure B3

HIEEREE EMERER - IR HME T B FR A ZEd » e A ((5)IEHCHIH
GIABSRIRVERNR - KA EERNREREBEVIMER G N EZR - A7(5)
R a] AR HAB RV B RIS B 2 - (EHERS 1185 R B AU IBHCHI A S H &1
BRI AR Ry R o

8.3 /N&E

BELL BRI R - AT RIS TR EEE  AME T DA =
{EE ZE R 5% Pl RE TR B IEREAR S > H ol DUE B AR BRI S Y AT U IEMER ZE B S
ZEPIEERTIEE - BN RS A EHEA 2 -

9. ZlEERRLE

Fo 1 EPEETR MV AE A RERR AV BIEERE T8t MR 2 A GER T L 4
FORSHRAY A TEFERE H > el =B E Y B - BEs LA SO R
BREETHRZHAESI - PR E=EERNZHE N GERBEERSN B2
S EILETEE - B A 17T sl a2 i - BEigTA 190> HER=AE 16 {ir
ettt 52 e\ E 2B ER - MBI AN)ZENEERE LSS - Hin
@ H AR ARG EIR &R B - BB 2/ D RIBETE SIS ~ #5E
Ayt iE e A [F B B g I A A R R E R 2l B g G N R EE
2 E BHEBR - RMEB 2l @SSR EERME A () EEEEELR (L
B o BRSO TE A RIRERAE -

9.1 =HEEERIEMAVEH&HRRH

FEE—EERT > HMHe 2ol BT H ORI H &R - R H TP RIS H R
Bise UK HHAGIETS - MR oG8 H e B SRR B2 2 A N ERUFoR - & T
Azl U R RIS B AR B R AL i Se BB RE B - IR R H A AEE
FBIFER © Pl ie (b S ZE A DU (BT o - DISRVU R B - FR RS ZEA = (B BE 2L
HEEhE | improving | fERFEE A SRS TERY o SCEa s B o PR R E PRy = (EEE 5
TERRE B - IS (A E RN BV R 2 s\ S E R IE R HIVEGZ T BORZEE R H
frEh R R oG A o WA AEERIAEE -
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=N -~ g — KER B HE
Investigators are, of course, also exploring additional avenues for
F R H | improving efficiency; as far as we know, though, those other
approaches generally extend existing methods.

hEE E BN WgE N Bt AE S A ] RCRITTTE » (B
] B RIATAL » HAth 75— SR IR RIEEE T -

TEEIE | () g (2 Bs Q) vt (4) =

HIERy & | improve={F[H=1, #h0=1, k B=1, #EH=1, {£=2, fn58=3,

ENEERT | $RE=4, DuE=4, W=, EE=22)

F=h -~ B EHEG

HH improve efficiency : eSS

BEEIE () WE ( Es Q) ot () BE

BRI B - Tl e St T i —HERVE B &R ME— A EAH T ER B —
fEft T DU EEE AR S B - IRVUFTR > B AR eV E R - B
PREORZ S EER M0 H PR -

R =EEEE T - JMIA A2 H AR s - (BRIt A (DB
FrREfe RV EENGEZa\E - (HE MM 7 R BEIRe (8 - R AP - e
I B A & R oCE - MR B AR EhE LUK AR RED - ZORZ AT
EERBEEPED R B EFRFE - BV EE R HEE R AV EEHE -

9.2 ZHlHHBEREIEERTLE
NHEE B EIHE RS TS R AR TR R A R L - EhR— 12
MR HTE - RGPS HIVEREER S > 475 H 50% : HER S AR IUERE H
Hill o BRI ARMERER - ZalE PIERIEER ) - 5 30%  Eia=HY2
aE APPSR T 40% - ARTFEAVERIERR RIS SN o NS IERERTy 60% @ i
SIRER S E N PR - B = E R M5 e B R IS R B R
IRy B - BIEEM R 17 oe B H B2 sl s » ol B B BN AR I
EE  BEHERAIEE ABUREE - £ e NS — (%5 KA RES IR - 1T
B BEE R AT B AR -

NHET S REPEZ R ENEERY - AUTTE RS - B8
o H R E HeE B SR EHNE R — ARt E el e M ERERER =
HYERERCR L - B8 e Az ERTA IR R S =S HVER N ER =%
REAAREL SR URERE E R — BRSO e SR T B HREE = (B SRS AL -
FN B TRENIME B =R AT (BAES )/ VEB AR B = (EE R
T - S TEAE E R AR T

B FEAVIR SR MRl R N E R B AR - R Hie k&2 Z 2 4h
NEERE R B e d] G iR A R eV E S T HE RV 8 n] ge KB B i
AT IR > NSRBI IIER S FMA BE R - N EL S B R s
b MAERARREZSENVENERL—F 8 NI2A 2ol & E R R
stk - RAERERAFIUEZ IR -

m
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=R VB IERER K SRR IR RV

100%

80%

60% —

40% —— — —

20% |—— — — — _—

0%
HhR— R H B TR EHEZE T = A ENST R EiE i

&l +— » ZHER G PSR IR KRS R A R
ZRANERESEE PR

100%

80%

/N
oo / /\\
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6 9
—o—EHlip R HEE B EHEE -m—ghoEEE

[+~ ZEE N E RS E R H A PRI

10. &&im
AT T R ERHROT RS E A TEE R » W R A aa 4 & A T3 S )]
HIHEEERIEE - M A T &R REEE R RNAEAR > Bt Es 2 s
BRI - MV ERGEREUR - A AR ARSI E R RE TR AL $50VEN
s HAT f-measure HYEEE T » BLAFA)FEECHI A A SRR I fE - HEE AV
B T = (E5 % PRlse B 2 B A EN - REEHEZHAF) - (2) - (3)
S OMEELA S (A)—[FHE RO - & B S RTHRE A T FilEa=X(D)avRL
R BHE - FFERHFTRER AV - RIAFEENFSCHETEE T EEN A
BRSO 2R RIEMNR (% BRMERREIEESR - SRR
A AR R S R 2 R AR AL EHEE ARSI BRI -

bR T A EEEESN LEE AR RS T =R E R s g 28 sl
1B RE TR R AR BRI A (D) T VRIS A bEie Rl - S5 RBUR = ITHE ML
RIS R A RE R 7 s BRI -

ARH5e S A E AR & B ARt BRI EEbi - T DABRRE Ik
TIAEIEEGA AN B B EERE ) BRI -
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Abstract

This work represents several unsupervised feature selections based on frequent strings that
help improve conditional random fields (CRF) model for Chinese word segmentation
(CWS). These features include character-based N-gram (CNG), Accessor Variety based
string (AVS), and Term Contributed Frequency (TCF) with a specific manner of boundary
overlapping. For the experiment, the baseline is the 6-tag, a state-of-the-art labeling
scheme of CRF-based CWS; and the data set is acquired from SIGHAN CWS bakeoff
2005. The experiment results show that all of those features improve our system’s F;
measure (F) and Recall of Out-of-Vocabulary (Roov). In particular, the feature collections
which contain AVS feature outperform other types of features in terms of F, whereas the
feature collections containing TCB/TCF information has better Rooy.

Keywords: Word Segmentation, Unsupervised Feature Selection, Conditional Random Fields

1. Introduction

Many intelligent text processing tasks such as information retrieval, text-to-speech and
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machine translation assume the ready availability of a tokenization into words, which is
relatively straightforward in languages with word delimiters (e.g. space), while a little
difficult for Asian languages such as Chinese and Japanese.

1.1 Background

Chinese word segmentation (CWS) is an essential pre-work for Chinese text processing
applications and it has been an active area of research in computational linguistics for two
decades. SIGHAN, the Special Interest Group for Chinese Language Processing of the
Association for Computational Linguistics, conducted five word segmentation bakeoffs
(Sproat and Emerson, 2003; Emerson, 2005; Levow, 2006; Jin and Chen, 2007; Zhao and Liu,
2010). After years of intensive researches, CWS has achieved high precision, but the issue of
out-of-vocabulary word handling still remains.

1.2 The State of the Art of CWS

Traditional approaches for CWS adopted dictionary and rules to segment unlabeled texts (c.f.
Ma and Chen, 2003). In recent years, the mainstream is to use statistical machine learning
models, especially the Conditional Random Fields (CRF) (Lafferty et al, 2001), which shows
a moderate performance for sequential labeling problem and achieves competitive results
with character position based methods (Zhao et al., 2010).

1.3 Unsupervised CRF Feature Selections for CWS

For incorporating unsupervised feature selections into character position based CRF for CWS,
Zhao and Kit (2006; 2007) tried strings based on Accessor Variety (AV), which was
developed by Feng et al. (2004), and co-occurrence strings (COS). Jiang et al. (2010) applied
a feature similar to COS, called Term Contributed Boundary (TCB). Tsai (2010) employ
statistical association measures non-parametrically through a natural but novel feature
representation scheme. Those unsupervised feature selection are based on frequent strings
extracted automatically from unlabeled corpora. They are suitable for closed training
evaluation that any external resource or extra information is not allowed. Without proper
knowledge, the closed training evaluation of word segmentation can be difficult with
Out-of-Vocabulary (OOV) words, where frequent strings collected from the test data may
help.

According to Zhao and Kit (2008), AV-based string (AVS) is one of the most effective
unsupervised feature selection for CWS by character position based CRF. This motivates us
to seek for explanations for AVS’s success. We suspect that AVS is designed to keep
overlapping strings but COS/TCB is usually selected with its longest-first nature before
integrated into CRF. Hence, we conduct a series of experiments to examine this hypothesis.
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The remainder of the article is organized as follows. Section 2 briefly introduces CRF.
Common unsupervised feature selections based on the concept of frequent strings are
explained in Section 3. Section 4 discusses related works. Section 5 describes the design of
labeling scheme, feature templates and a framework that is able to encode those overlapping
features in a unified way. Details about the experiment are reported in Section 6. Finally, the
conclusion is in Section 7.

2. Conditional Random Fields

Conditional random fields (CRF) are undirected graphical models trained to maximize a
conditional probability of random variables X and Y, and the concept is well established for
sequential labeling problem (Lafferty et al., 2001). Given an input sequence (or observation
sequence) X =x,...x; and label sequenceY =y, ...y;, a conditional probability of linear-chain

CRF with parameters A = {ﬂi,...,ﬁn} can be defined as:

1 T
PA(Y|X)=Z_eXp(ZZﬁk fk(yt—l’ytvx’t)j 1)
X =1 K

where Zx is the normalization constant that makes probability of all label sequences sum to
one, f(y.. v, X,t) isa feature function which is often binary valued, but can be real valued,

and A4, is a learned weight associated with feature 7, .

The feature functions can measure any aspect of state transitiony, , — y,, and the entire
observation sequence X centered at the current position t.

Given such a model as defined in Equation (1), the most probable labeling sequence for
an input sequence X is as follows.

y = arginax P.(Y | X)' @)

Equation (2) can be efficiently calculated by dynamic programming using Viterbi
algorithm. The more details about concepts of CRF and learning parameters could found in
(Wallach, 2004). For sequential labeling tasks like CWS, a linear-chain CRF is currently one
of the most popular choices.

3. Frequent String

3.1 Character-based N-gram

The word boundary and the word frequency are the standard notions of frequency in
corpus-based natural language processing. Word-based N-gram is an intuitive and effective
solution of language modeling. For languages without explicit word boundary such as
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Chinese, character-based N-gram (CNG) is usually insufficient. For example, consider the
following sample texts in Chinese

° “papg ot &’ (the importance of natural science);
o  “papmawsy Lra- supiz”  (natural science research is the only way).

where many character-based N-grams can be extracted, but some of them are out of context,
such as  “#zx#” (so; discipline) and “# "  (study; of), even when they are relatively
frequent,. For the purpose of interpreting overlapping behavior of frequent strings, however,
character-based N-grams could still be useful for baseline analysis and implementation.

3.2 Reduced N-gram

The lack of correct information about the actual boundary and frequency of a
multi-character/word expression has been researched in different languages. The distortion of
phrase boundaries and frequencies was first observed in the Vodis Corpus when the
word-based bigram “RAIL ENQUIRIES” and word-based trigram “BRITISH RAIL
ENQUIRIES” were estimated and reported (O’Boyle, 1993; Ha et al., 2005). Both of them
occur 73 times, which is a large number for such a small corpus. “ENQUIRIES” follows
“RAIL” with a very high probability when “BRITISH” precede it. However, when “RAIL” is
preceded by words other than “BRITISH,” “ENQUIRIES” does not occur, but words like
“TICKET” or “JOURNEY” may. Thus, the bigram “RAIL ENQUIRIES” gives a misleading
probability that “RAIL” is followed by “ENQUIRIES” irrespective of what precedes it.

A common solution to this problem is that if some N-grams consist of others, then the
frequencies of the shorter ones have to be discounted with the frequencies of the longer ones.
For Chinese, Lin and Yu (2001) reported a similar problem and its corresponding solution in
the sense of reduced N-gram of Chinese character. By excluding N-grams with their numbers
of appearance that fully depend on other super-sequences, “#: 4 and *“# = from the sample
texts in the previous sub-section are not candidates of string anymore. Zhao and Kit (2007)
described the same concept briefly as co-occurrence string (COS). Sung et al. (2008)
invented a specific data structure for suffix array algorithm to calculate exact boundaries of
phrase-alike string and their frequencies called term-contributed boundaries (TCB) and
term-contributed frequencies (TCF), respectively, to analogize similarities and differences
with the term frequencies. Since we use the program of TCB/TCF for experiment within this
study, the family of reduced N-gram will be referred as TCB hereafter for convenience.

3.3 Uncertainty of Succeeding Character

Feng et al. (2004) proposed Accessor Variety (AV) to measure how likely a string is a
Chinese word. Another measurement called Boundary Entropy or Branching Entropy (BE)
exists in some works (Tung and Lee, 1994; Chang and Su, 1997; Cohen and Adams, 2001,
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Cohen et al., 2002; Huang and Powers, 2003; Tanaka-Ishii, 2005; Jin and Tanaka-Ishii, 2006;
Cohen et al., 2006). The basic idea behind those measurements is closely related to one
particular perspective of N-gram and information theory as cross-entropy or Perplexity.
According to Zhao and Kit (2007), AV and BE both assume that the border of a potential
Chinese word is located where the uncertainty of successive character increases. They believe
that AV and BE are the discrete and continuous version, respectively, of a fundamental work
of Harris (1970), and then decided to adopt AVS as unsupervised feature selection for
CRF-based CWS. We follow their choice in hope of producing a comparable study. AV of a
string s is defined as

AV (s) = min{L,,(s). R,y (8)} ©)

In Equation (3), Lay(S) and Ray(S) are defined as the number of distinct preceding and
succeeding characters, respectively, except if the adjacent character has been absent because
of sentence boundary, then the pseudo-character of sentence beginning or sentence ending
will be accumulated indistinctly. Feng et al. (2004) also developed more heuristic rules to
remove strings that contain known words or adhesive characters. For the strict meaning of
unsupervised feature selection and for the sake of simplicity, those additional rules are
dropped in this study.

4. Other Related Works

This section briefly describes the following three related works.

4.1 Frequent String Extraction Algorithm

Besides papers of TCB/TCF extraction (Sung et al., 2008), Chinese frequent strings (Lin et
al., 2001) and reduced N-gram (Ha et al., 2005) that are mentioned earlier, the article about a
linear algorithm for Frequency of Substring Reduction (Li and Zhang, 2005) also falls into
this category. Most of them focused on the computational complexity of algorithms. More
general algorithms for frequent string extraction are usually suffix array (Manber and Myers,
1993) and PAT-tree (Chien, 1997).

4.2 Unsupervised Word Segmentation Method

Zhao and Kit (2008) have explored several unsupervised strategies with their unified
goodness measurement of logarithm ranking, including Frequency of Substring with
Reduction, Description Length Gain (Kit and Wilks, 1999; Kit, 2000), Accessor Variety and
Boundary/Branching Entropy. Unlike the technique described in this paper for incorporating
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unsupervised feature selections into supervised CRF learning, those methods usually filter out
word-alike candidates by their own scoring mechanism directly.

4.3 Overlapping Ambiguity Resolution

Subword-based tagging (Zhang et al., 2006) utilizes confidence measurement. Other
overlapping ambiguity resolution approaches are Naive Bayesian classifiers (Li et al., 2003),
mutual information, difference of t-test (Sun et al., 1997), and sorted table look-up (Qiao et
al., 2008).

5. CRF Labeling Scheme

5.1 Character Position Based Labels

In this study, the 6-tag approach (Zhao et al., 2010) is adopted as our formulation, which
achieves a very competitive performance recently, and is one of the most fine-grained
character-position-based labeling schemes. According to Zhao et al. (2010), since less than
1% Chinese words are longer than five characters in most corpora from SIGHAN CWS
bakeoffs 2003, 2005, 2006 and 2007, the coverage of 6-tag approach should be good enough.
This configuration of CRF without any additional unsupervised feature selection is also the
control group of the experiment. Table 1 provides a sample of labeled training data.

Table 1. A Sample of the 6-tag Labels
Character Label

B B,
i E
S
B:
B,
A Bs
M
E

2 B

N

_>,|

i

For the sample text “# & (contrarily) / ¢ (make) / z:# a1 & (more haste, less
speed)” (on the contrary, haste makes waste), the tag B; stands for the beginning character
of a word, while B, and B3 represent for the second character and the third character of a
word, respectively. The ending character of a word is tagged as E. Once a word consists of
more than four characters, the tag for all the middle characters between B3 and E is M. Finally,
the tag S is reserved for single-character words specifically.
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5.2 Feature Templates

Feature instances are generated from templates based on the work of Ratnaparkhi (1996).
Table 2 explains their abilities.

Table 2. Feature Template

Feature Function

C., Co, Cy Previous, current, or next token
C.Co Previous and current tokens
CoCs Current and next tokens

C.C, Previous and next tokens

C.1, Cop and C; stand for the input tokens bound to the prediction label at current position
individually. For example in Table 1, if the current position is at the label M, features
generated by C.;, Cp and Cy are “pJ,” “2” and *“i,” respectively. Meanwhile, for window
size 2, C.1Cy, CoC; and C_;C; expands features of the label M to “pj2,” “72 £” and “p|iE,”
respectively. According to Zhao et al. (2010), the context window size in three tokens is
effective to catch parameters of 6-tag approach for most strings not longer than five
characters. Our pilot test for this case, however, shows that context window size in two
tokens would be sufficient without significant performance decreasing. We also intentionally
avoid using feature templates that determine character types like alphabet, digit, punctuation,
date/time and other non-Chinese characters, to stay with the strict protocol of closed training
and unsupervised learning.

Unsupervised feature selections that will be introduced in the next sub-section are of
course generated by the same template, except the binding target moves column by column as
listed in tables of the next sub-section.

By default, CRF++ generates features not only for the prediction label at the current
position, but also for combinations of the prediction label at both the previous and the current
position, which should not be confused with the context window size mentioned above.

5.3 A Unified Feature Representation for CNG, AVS and TCB

To compare different types of overlapping strings as unsupervised feature selection
systematically, we extend the work of Zhao and Kit (2008) into a unified representation of
features. The representation accommodates both character position of a string and this
string’s likelihood ranked in logarithm. Formally, the ranking function for a string s with a
score x counted by either CNG, AVS or TCB is defined as
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_ H r r+1
f(s)=r,if2" <x<?2 | (4)

The logarithm ranking mechanism in Equation (4) is inspired by Zipf’s law with the
intention to alleviate the potential data sparseness problem of infrequent strings. The rank r
and the corresponding character positions of a string are then concatenated as feature tokens.
To give the reader a clearer picture about what feature tokens look like, a sample
representation for CNG, AVS or TCB is demonstrated and explained by Table 3.

For example, judging by strings with two characters, one of the strings “» @ ” gets rank
r = 3, therefore the column of two-character feature tokens has *“» ” denoted as 3B; and “# ”
denoted as 3E. If another two-character string “# ¢ ” competes with “ @  at the position of
“a ” with a lower rank r = 0, then 3E is selected for feature representation of the token at a
certain position.

Table 3. A Sample of the Unified Feature Representation for Overlapping String

Input Unsupervised Feature Selection Label
1 char 2 char 3 char 4 char 5 char

57 5S 3B, 4B, 0B, 0B, B:

i 6S 3E 4B, 0B, 0B,

= 6S OE 4E 0B3 0B3 S

M 4S OE OE OE oM B:

= 4S OE OE OE OE B,

Al 6S 3B, OE OE OE Bs

x 7S 3E OE OE OE

e 5S 3E OE OE OE E

Note that when the string “pi2 ” conflicts with the string “# = at the position of “#”
with the same rank r = 3, the corresponding character position with rank of the leftmost string,
which is 3E in this case, is applied arbitrarily.

Although those are indeed common situations of overlapping strings, we simply inherit
the above rules by Zhao and Kit (2008) for the sake of compatibility. In fact, we have done a
pilot test with a more complicated representation like 3E-0B; for “# ” and 3E-3B; for “2 ” to
keep the overlapping information within each column, but the test result shows no significant
differences in terms of performance. Since the statistics of the pilot test could be considerably
redundant, they are omitted in this paper.

To make an informative comparison, we also apply the original version of
non-overlapping COS/TCB feature that is selected by forward maximum matching algorithm
and without ranks (Zhao and Kit, 2007; Jiang et al., 2010). The following table illustrates a
sample representation of features for this case.
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Table 4. A Sample of the Representation for Non-overlapping COS/TCB Strings
Input Original COS/TCB Feature Label

& B: B:
it B, E
=2 E S
# -1 B,
e -1 B,
Bl 1 Bs
S -1 M
= -1 E

Note that there are several features encoded as -1 individually to represent that the
desired string is unseen. For the family of reduced N-grams, such as COS or TCB, it means
that either the string is always occupied by other super-strings or simply does not appear
more than once.

The length of a string is limited to five characters for the sake of efficiency and
consistency with the 6-tag approach.

6. Experiment

The version 0.54 of the CRF++ employs L-BFGS optimization and the tunable
hyper-parameter, i.e. the Gaussian prior, set to 100 throughout the whole experiment.

6.1 Data Set

The corpora used for experiment are from SIGHAN CWS bakeoff 2005. It comes with four
different standards including Academia Sinica (AS), City University of Hong Kong (CityU),
Microsoft Research (MSR) and Peking University (PKU).

6.2 Unsupervised Feature Collection

Unsupervised feature selections are collected according to pairs of corresponding training/test
corpus. CNG and AVS are arranged with the help from SRILM (Stolcke, 2002). TCB strings
and their ranks converted from TCF are calculated by YASA. To distinguish the ranked and
overlapping feature of TCB/TCF from those of the original version of COS/TCB based
features, the former are denoted as TCF to indicate the score source for ranking, and the
abbreviation of the later remains as TCB.

6.3 Evaluation Metric
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The evaluation metric of CWS task is adopted from SIGHAN bakeoffs, including test
Precision (P), test Recall (R), F1 measure score (F) and test Recall of Out-of-VVocabulary
(Roov). Their formulae are list as follows.

_ the number of words thatare correctly segmented

P x100% (5)
the number of words that are segmented _
_ the number of words that _are correctly segmented < 100% 6)
the number of words in the gold standard )
2xPxR
F=——-— (7)
P+R

_the number of OOV words that are correctly segmented
oo the number of OOV words in the gold standard

x100% (8)

To estimate the differences of performance between configurations of CWS experiment,
this work uses the confidence level, which has been applied since SIGHAN CWS bakeoff
2003 (Sproat et al., 2003), that assume the recall (or precision) X of accuracy (or OOV
recognition) represents the probability that a word (or OOV word) will be identified from N
words in total, and that a binomial distribution is appropriate for the experiment. Confidence
levels of P, R, and Roov appear in Table 5 under the column Cp, Cg, and Croov, respectively,
are calculated at the 95% confidence interval with the formula *2,/ ([X(1-X)]/N). Two
configurations of CWS experiment are then considered to be statistically different at a 95%
confidence level if one of their Cp, Cg, or Croov IS different.

6.4 Experiment Results

The most significant type of error is unintentionally segmented alphanumeric sequences, such
as English words or factoids in Arabic numerals. Rather than developing another set of
feature templates for those non-Chinese characters that may violate rules of closed training
evaluation, a post-processing, which is mentioned in the official report of SIGHAN CWS
bakeoff 2005 (Emerson, 2005), has been applied to remove spaces between non-Chinese
characters in the gold standard data manually, since there are no urgent expectations of
correct segmentation on non-Chinese text. Table 5 lists the statistics after the post-processing.
Further discussions are mainly based on this post-processed result without loss of generality.
Numbers in bold face and bold-italic style indicate the best and the second-best results of a
certain evaluation metric, respectively.
Statistics show clear trends that the feature collections which contain AVS outperforms

other types of unsupervised feature selections on F, and the feature collections containing
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TCB/TCEF information usually has better Rooy.

Table 5. Performance Comparison After Post-processing

Corpus Feature Cp Cr F Roov  Croov
AS 6-tag +0.00125 +0.00114 .955 726 £0.01164
CNG +0.00124 +0.00113 .955 730  £0.01159
AVS +0.00120 +0.00109 .958 .738  +0.01147
TCF +0.00126 +0.00117 .953 .760 +0.01114
TCB +0.00123 +0.00113 .956 .740 +0.01145
AVS+TCF £0.00123 +0.00113 .956 751 +0.01128
AVS+TCB £0.00120 +0.00109 .958 739  +0.01147
CityU 6-tag +0.00219 +0.00221 .948 .738 +0.01536
CNG +0.00207 +0.00215 .953 .760 £0.01493
AVS +0.00199 +0.00203 .957 .766 +0.01480
TCF +0.00208 +0.00214 .953 767 +0.01478
TCB +0.00209 +0.00214 .953 770 +0.01470
AVS+TCF £0.00197 +0.00200 .959 777  +0.01455
AVS+TCB £0.00207 +0.00213 .953 771 +0.01469
MSR  6-tag +0.00100 +0.00105 .971 776  £0.01405
CNG +0.00100 +0.00104 .972 .784  +0.01387
AVS +0.00099 +0.00099 .973 764  +0.01432
TCF +0.00099 +0.00104 .972 .786 +0.01384
TCB +0.00099 +0.00104 .972 .787 +0.01381
AVS+TCF +£0.00107 +0.00114 .967 793  +0.01367
AVS+TCB £0.00101 +0.00102 .972 769  +0.01422
PKU 6-tag +0.00139 +0.00159 .939 .680 +0.01140
CNG +0.00139 +0.00160 .938 671 +0.01149
AVS +0.00132 +0.00146 .947 740 +0.01072
TCF +0.00138 +0.00155 .941 .701 +0.01119
TCB +0.00139 +0.00159 .939 .688 +0.01133
AVS+TCF £0.00137 +0.00155 .941 .709 +0.01110
AVS+TCB £0.00132 +0.00147 .947 743 +0.01067

It has been observed that using any of the unsupervised feature selections could create
short patterns for CRF learner, which might break more English words than using the 6-tag
approach solely. AVS, TCF and TCB, however, resolve more overlapping ambiguities of
Chinese words than the 6-tag approach and CNG. Interestingly, even for the unsupervised
feature selection without rank and overlapping information, TCB successfully recognizes “ix
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ForE e 2y % a3#,” while the 6-tag approach see this phrase incorrectly as “iz 3./
# ) 2 % % a4 TCB also saves more factoids, such as “- = 4 -4 / = +"” (around
129.9) from scattered tokens, suchas “- = 4 / - /4 %<7 (129 point 9 around).

The above observations suggest that the quality of a string as a word-alike candidate
should be an important factor for unsupervised feature selection injected CRF learner.
Relatively speaking, CNG probably brings in too much noise. Non-overlapping COS/TCB
seems to be a moderate choice with a lower training cost of CRF than those of other
overlapping features. This confirms our hypothesis at the end of Section 1.3 that, including
overlapping information as an unsupervised feature selection may help improving CWS
performance of supervised labeling scheme of CRF.

7. Conclusion and Future Works

This paper provides a study about CRF-based CWS integrated with unsupervised and
overlapping feature selections. The experiment results show that the feature collections which
contain AVS obtains better performance in terms of F; measure score, and TCB/TCF
enhances the 6-tag approach on the Recall of Out-of-Vocabulary. In the future, we will search
for a hybrid method that utilizes information both inside and outside Chinese words
simultaneously.
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Abstract

The semantic orientation of terms is fundamental for sentiment analysis in sentence and
document levels. Although some Chinese sentiment dictionaries are available, how to predict
the orientation of terms automatically is still important. In this paper, we predict the semantic
orientation of terms of E-HowNet. We extract many useful features from different sources to
represent a Chinese term in E-HowNet, and use a supervised machine learning algorithm to
predict its orientation. Our experimental result showed that the proposed approach can
achieve 92.33% accuracy, which is comparable to the accuracy of human taggers.
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