International Journal of

Computational Linguistics &
Chinese Language Processing

Pt RABSEIAT

A Publication of the Association for Computational Linguistics and Chinese Language Processing

This journal is included in THCI, Linguistics Abstracts, and ACL Anthology.

Lo Jeiy oawrod i

T
- Hl
i,
#
At
LM
-
X

24 ’\s:&‘&ww»._‘_\%,%\%
BEES IR

fhd b o6 oo SRS

X)) ﬁ‘&,ﬁl% (..3—,.\ > a\“
B e di o B o o R

"
3

st
5
&

Vol.21  No.2 December 2016  ISSN: 1027-376X



International Journal of Computational Linguistics &
Chinese Language Processing

Hsin-Hsi Chen
National Taiwan University, Taipei
Sin-Horng Chen
National Chiao Tung University,
Hsinchu

Pak-Chung Ching
The Chinese University of Hong
Kong, Hong Kong

Chu-Ren Huang

The Hong Kong Polytechnic
University, Hong Kong

Yuen-Hsien Tseng
National Taiwan Normal University,
Taipei

Berlin Chen
National Taiwan Normal University,
Taipei
Chia-Ping Chen
National Sun Yat-sen University,
Kaoshiung
Hao-Jan Chen
National Taiwan Normal University,
Taipei
Pu-Jen Cheng
National Taiwan University, Taipei
Min-Yuh Day
Tamkang University, Taipei
Lun-Wei Ku
Academia Sinica, Taipei

Executive Editor: Abby Ho
English Editor: Joseph Harwood

Advisory Board

Chin-Hui Lee

Georgia Institute of Technology,

U.S. A.

Lin-Shan Lee
National Taiwan University,
Taipei

Haizhou Li

National University of
Singapore, Singapore

Editors-in-Chief

Jen-Tzung Chien

Richard Sproat

Google, Inc., U. §. A.
Keh-Yih Su

Academia Sinica, Taipei
Chiu-Yu Tseng

Academia Sinica, Taipei

National Chiao Tung University, Hsinchu

Associate Editors

Shou-De Lin
National Taiwan University,
Taipei

Meichun Liu
City University of Hong Kong,
Hong Kong

Chao-Lin Liu
National Chengchi University,
Taipei

Wen-Hsiang Lu
National Cheng Kung
University, Tainan

Richard Tzong-Han Tsai
National Central University,
Taoyuan

Yu Tsao

Academia Sinica, Taipei
Shu-Chuan Tseng

Academia Sinica, Taipei
Yih-Ru Wang

National Chiao Tung

University, Hsinchu
Jia-Ching Wang

National Central University,

Taoyuan
Shih-Hung Wu

Chaoyang University of

Technology, Taichung
Liang-Chih Yu

Yuan Ze University, Taoyuan

The Association for Computational Linguistics and Chinese Language Processing, Taipei



International Journal of

Computational Linguistics &
Chinese Language Processing

Aims and Scope

International Journal of Computational Linguistics and Chinese Language
Processing (IJCLCLP) is an international journal published by the Association for
Computational Linguistics and Chinese Language Processing (ACLCLP). This journal
was founded in August 1996 and is published four issues per year since 2005. This
journal covers all aspects related to computational linguistics and speech/text
processing of all natural languages. Possible topics for manuscript submitted to the
journal include, but are not limited to:

e Computational Linguistics

e Natural Language Processing

e Machine Translation

e Language Generation

e Language Learning

e  Speech Analysis/Synthesis

e  Speech Recognition/Understanding
e  Spoken Dialog Systems

e Information Retrieval and Extraction
e Web Information Extraction/Mining
e Corpus Linguistics

e Multilingual/Cross-lingual Language Processing

Membership & Subscriptions
If you are interested in joining ACLCLP, please see appendix for further information.

Copyright

© The Association for Computational Linguistics and Chinese Language Processing
International Journal of Computational Linguistics and Chinese Language Processing
is published four issues per volume by the Association for Computational Linguistics
and Chinese Language Processing. Responsibility for the contents rests upon the
authors and not upon ACLCLP, or its members. Copyright by the Association for
Computational Linguistics and Chinese Language Processing. All rights reserved. No
part of this journal may be reproduced, stored in a retrieval system, or transmitted, in
any form or by any means, electronic, mechanical photocopying, recording or
otherwise, without prior permission in writing form from the Editor-in Chief.

Cover

Calligraphy by Professor Ching-Chun Hsieh, founding president of ACLCLP

Text excerpted and compiled from ancient Chinese classics, dating back to 700 B.C.
This calligraphy honors the interaction and influence between text and language






International Journal of
Computational Linguistics and Chinese Language Processing
vol. 21, no. 2, December 2016

Contents

Papers
SEEEAT AN A SR aGalE25EsE  [A Study on Dispersion
Measures for Core Vocabulary Compilation].......................... 1

7 /7 7%(Ming-Hong Bai), £ ##(Jian-Cheng Wu), # # 42
(Ying-Ni Chien), # s #4(Shu-Ling Huang), 74 £ /£ (Ching-Lung
Lin)

N-best Rescoring for Parsing Based on Dependency Based Word
Embeddings.... . .. P K
Yu-Ming H5|eh and Wel Yun Ma

(i F - L EE R A i i PR R sk [The Use of Dictionary
Learning Approach for Robustness Speech Recognition]............ 35
F < #°(Bi-Cheng Yan), # #x7+(Chin-Hong Shih), /£ 7

(Shih-Hung Liu), /% 7 #4Berlin Chen)

i REAERE B R R VTR BEah et e sd F el Z T oe

[Evaluation Metric-related Optlmlzatlon Methods for Mandarin
Mispronunciation DeteCtion]..........cccovveverivereiiesieere e 55
## /% g2(Yao-Chi Hsu), # # #(Ming-Han Yang), # £ =

(Hsiao-Tsung Hung), 74 2 7 (Yi-Ju Lin), /% 7 #(Kuan-Yu Chen),

/% #7 7#(Berlin Chen)

BT TIPS Z s S R SREEREATL [Character-Level
Linguistic Features Extraction for Text-to-Speech System]......... 71
/% 7 Z (Kuan-Hung Chen), & Z /#(Shu-Han Liao), & =~ #

(Yuan-Fu Liao), Z £ 4(Yih-Ru Wang)

Rl & 2 R E R A s i SRR ISR e s s P

w9e [Leveraglng Multi-Task Learning with Neural Network

Based Acoustic Modeling for Improved Meeting Speech
Recognition].........ooooiiiii 85
# /7 #(Ming-Han Yang), 7 /# #2(Yao-Chi Hsu), % £ =

(Hsiao-Tsung Hung), /% /# < (Ying-Wen Chen), /% 7 #(Kuan-Yu
Chen), 7 77 74 Berlin Chen)

Reviewers List & 2016 INdeX.......ccvoveeeieeie i 105

The Association for Computational Linguistics and Chinese Language Processing






Computational Linguistics and Chinese Language Processing
Vol. 21, No. 2, December 2016, pp. 1-18 1

© The Association for Computational Linguistics and Chinese Language Processing

BB A1 A ERIAZ Ll S g

A Study on Dispersion Measures for

Core Vocabulary Compilation
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Abstract

Core vocabulary is a set of words that are stable used across different text types,
theme, and application scenario. In natural language, the number of core
vocabulary is relatively small, the core vocabulary, however, plays an important
part in language learning because it constitutes a major part of communication
content. The traditional core vocabulary selection method is mainly based on the
expert knowledge and rule of experience. With the rise of corpus linguistics, word
frequency and dispersion uniformity provide objective statistical data to assist the
selection of core vocabulary. In this paper, we propose a formula that integrates
multi-dimensional uniformity , so that the estimation of word uniformity can take
different classification dimensions into account. Secondly, we also propose a
method of word frequency normalization for the problem of deviation of the
traditional method. For evaluation, a method of evaluating the core vocabulary with
a heterogeneous corpus is proposed and it can compare the advantages,
disadvantages, and characteristics of various statistical formulas. In the results, we
actually compare the different core vocabulary selection formulas, analyzed the
characteristics of different formulas, and verified the word frequency normalization
can correct the shortcomings of the traditional formula. Finally, we also verified
that the proposed method which integrates multi-dimensional uniformity can pick
out the vocabulary with more core characteristics.

BRI : SRR S S - e - B - oYK -

Keywords: Corpus Linguistics, Core Vocabulary, Fringe Vocabulary, Dispersion
Uniformity.

1. #m

% LagEl 5 (core vocabulary) /25 —4H N2 3OS ~ £3 - IERIER SR E - e
&5z (Huang, Zhang & Yu, 2005) « j&SL3a G iVRRE M E 2 7Y - BR TS8R - £5/E - JEH
HRZ  BEEEEERE - R E (Stuart, 1991) - SR SAH B EZ O s (8
)4z, fringe vocabulary) sKER B s #hi/ ) » AlIRSECH BN AT F 25 77 (Vanderheiden &
Kelso, 1987) - fEsBES W L » & — (85 ik = B &G sy - MEsEDREYEMYm - 2
198 DME SR R E 09 F 3 & (Liu, 2012) » (REAZ L sl s s B S B h E B — T8 « X0
s R T E AR S AR MU E I Ese B4R tE - BEEIE A - LR S S
(Juilland & Chang-Rodriguez, 1964; Carroll, 1970; Juilland, Brodin & Davidovitch, 1970;
Rosengren, 1971; Huang et al., 2005; Liu, 2012) -

(BAR AL L ) SR 88 132 7 U T BB B R A sl B B2 Flll (Huang et al., 2005) - SE0fHE
i e SRR o GiaT A AT AR AR AR » AR EsERHEAVEZE P e LLISgs - B
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(s SRR oy Bl Lo sl S BB 45 B B 5T 2 s SR el s RAE P E VB IR T S 3R -
PAHE S e V- W sl e (12 R A S i sl ) oo BB 22 DO {18 Sl AR e A Y gl 42 (5] R R Y
sytatE (A 1) - T AEES ) EKEMS ERE RS 0 HATERETEZ TR
BHE - T2 g RRIZ2TEPREHH - HHINE " 240, 1T —F,) 1%
SR R R BB R 1 o FEBE B - R {E R S 1 e - (R WA (8 EERE X L
a5 o HIELBIHVE 5L ] A B EAREAVRZ COR 5E B A1 9 A1 A e FE R AHRE » IRIERET 26t
FEEFE A DL AT A FE A T & Sl s A% O 2 FE (Juilland & Chang-Rodriguez, 1964; Carroll,
1970; Juilland et al., 1970; Rosengren, 1970; Huang et al., 2005; Liu, 2012) » &3 AR fE /& #k
AN » e O RE S -

| R S S O i M2 | BB EN TR
3000 800
2000 600
400
1000 200
0 |- i - . 0 -
AE Bl Rl mE B g AE S Bl R wE B g
F—%E | EPEEREN ST FSR | EPEERER S
800 600
600 400
400
200 - 200
0 - 0
AR OBl R e 8 g AR Bl R w2 8 g

18 1. BT R AT 7T a5 I P i A o] /88 P77 (L - KB
& EE)

[Figure 1. The Observation of the distribution of four words with similar frequency
in different topics in Sinica corpus (unit: words/per million words)]

aajah A A EEE i B SRR ORI REERE - 28T - WARINEtERA S
B A - LLEMEETT (@ 1) S - SRR REE A EE - GEtAeEIRs
AR WERRPME LT AR IR - JOACRSEAE HALIE R (A0RFRE ~ 5B~ 308G ~
HASF) I AL - Huang et al. (2005) i $2 # A [F] 73 [ s B aalaB AT A RE RIS, -
ARz SOl AR e B S [F I A S R B AR A
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FEAGR ST > WATE et —(ERE 2 FEE S ENTTE  (EiEEE S E B
Hy[F] 5 R R Y oy S ) - H - PR HEPR IE R BRI AR B R A Az UE T 5y
FAEBBA/NA — B HER m AN - ik > TR H T — AR IR RE R R R
OFEIREERYJ7E 0 DAELER & AES 5 R A T B G RE ELR  -

DUR PoAam SRR« FRMTIHESS 2 B st g A EREt BT © 12
% 3 BRI s SRR T ¢ 5 4 BRI E BREGET - IRV REBIR
1+ FE5E 5 B Th TR T AR (E I3 2 e AU B R Ay — S ¢ 1E58 6 BRI
AT S o

2. SR A ERETR

2.1 sERHESRAY Y] 7

S BS9SRI N SR B 53 eSS B AN TS BB BB I 5
TRREI S - (BT T - SIS RS —(E S BB - & 5
EIRERRERY - BN TE S R A - LB ESATY) 5 T AR B L
BRIBINGER -

SERHEHLY 51 KBTS B 57 - (ieRies « STk RIS - Bt
ISR TR AR HEEIMERE » BOVARSHIRCR - R
DR ¢ B SRS RN SRR RS 1 R TR
RS » RS RILE BES 5 R R HRIRE - 520 Y5y A o)
SRR BB DRl B B A B A S e 2 R B e 2
DURRERHIBI T AGR » 8 EEBRAE NI DL T R BLATRS - B )R P S T AR 51 -
TR » DA [ B AR A AT (A LS B3 AR - BERTRAACIRERAE S - B —
SR AT PR R - Wik % — AR - DAEERS
BTz AT AR S Rt - (BRI R S T AR - (14 2 Y]
Hk 5 (HEHL - 3% a sE 5 (EEHL R M IR » 17 b 37E S P 18T A0S
SRR - (I AR @ IR0 b S ATAEA AT AT A1 » SRR T D 5
BRI -

SOSRARE ~ IS LRI T - LTS8 EA RN - %% - sl
SHEGHRI AN E B ARERA « LUT MR BB » & BT i B R AL
BT ERENY 4 (52 % - AT - BEVIRAHRHIS SR AR A S A A BRI
SRR - MDA SEESATHEA N « 2 TSI A/ R IR S 5
AR - IRER AR SRS - AV R EBIA/INR — - TR S R
MR o RFIEHE 2.3 EHRHETRIER LT AR a R « 3020 SRS IE A
IR - DI MBI » B ATH ST E SR SO 1 - Bt S0
TR - RIS R IRIGER % » LUK ES Y53 A DR B i e E
NS AT © BRI 2.4 GRS & % B AR BT -
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2.2 HEEAF

RTEVGESEENSEEER  BEARSEE S E ALK - Juilland &
Chang-Rodriguez(1964) LUK Juilland et al.(1970)&E DIAEAE ZRYME & B R0 - BEH O Af[E
)1 (Juilland’s coefficient of dispersion, JD) EZFA T :

JD=1- Z—1

Hrp SR T
n: SRR S
Vi SREEBRTIER V=
0 SREEGYIP TR 1 0 =
fio SREAES | AR
f: sREERSPIOTEgEE  BIf = F/n
F: SREERBRL P s

o))

Z?=1(fi_f)2

n-1

i

Juilland $2H AT SIS B R R Ry T 88 S BB R R 4R E T HYRTAR - (R Ry SAR
HOsRE R DR BB LR P B E RO - ATLL Juilland 3R EEHE
BHESENER > T HEFAM AN FRF 5% SRy 2 0 AR ) R -
Carroll (1970) 321 Juilland 14534451 & S seIEAIBIS: - (EL30 R DUEESE 22 1 SERIFTER
SV A LG AR B R U704 o fhEE H DLERE M (entropy) R BS BN 73 A7 35 5
X (Carroll’s coefficient of dispersion, CD) EFHRLIT :

H

- log,(n)
H o SERERBET -

. e _ _ ZiLipilogzp;
H: S H=logP —==———
pi ¢ EEEEAEES | @A HYARLLS] - pp = fils
s LR EBRAEGEE

P:Yiipi

@

Rosengren (1971) HIFHZEE 7R - FRHIHTHYIE S E A5 0(Rosengren’s coefficient
of dispersion, RD)Z1R :

RD:M.% 3)
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Hr SR
n: SERHEELI S s
o SREAESS | WA
F: SIBAE AR b 45

Lyne(1985) HIJ{& #& chi-square A A &2 139 4 & 2\ = (Lyne’s coefficient of
dispersion, LD)%1} :
1-— 2
= (4)
Huang et al.(2005) % 7 7l i 5 36 Swadesh(1952) FIT 42 iy £ 7 18 2 72 (basic
concepts) - 2 i — {5 5] & Ry BLBERY U705 o MM PTiR Y 5 A (Distributional
Consistency, DC)#IF

DC = <¥)2 % (5)

FR b Huang 28 A FrgH 3 5 /A= DC 81 Rosengren A2 HHY RD AH[E > R
WA {E 75 &1 H AR E > Rosengren (9 RD A FUR(E B Bsafin 28— REisig
(e SR RE A [ e L 0 v 0 FH 3R B8 = RS A1 43 ARk © 1T Huang et al. (2005) HIl B #2 {5 H
DC {E fffy Swadesh ELAME &M TEHFEE -

LD =

2.3 N HIEE AR EAA L
£ 2.1 i g RE - (E=E - B - IFHE - sERXE DR &R - A& E
SRR ATRERA - TSR A S ENRE - G40 0 "R TR B R E
{9 AR R KT E A IR 600 2 > T AR R EI SO » -85 - (HIR B TR
e N ERE TR B R A RAR K - MR T A E& El R R AR R,
RAR (HFEL -

WRKMUGEHEFAHPVERRERGEH > T e EEESCETPELIEREEE
HI AR o Rt - R EE AKX ZAT - BT DU ERME - SR ERIL
(frequency normalization)fiJ/A=C40T :

fir10®

Ui == (6)
B N Forn@sE 1 UiknvaEEE R - fEst RIS AR - aIRIR AT HYERE i Uk
IEFULRAVEEH v HFEENE - BEARNSBIN FR % - Ll DC Az
HYIERRAE BB akEREH » IFFR{EZ AV =\ (Normalized Distributional Consistency, NDC)E
we



ZE P GH T T S [T i R 7

NDC = (%)2 = (7)

u

Heb u Ryt sh AL FTA B o P 5 08 > 0 f R IERUB Y EE S E Rrat B - B
7 = 2=t

1. GG PR ES T B R F B R
[Table 1. The original frequency and the frequency in per million
words of "Kai shi" in topics of Sinica corpus]

¥ SR/ 7ES FEEARER
iy 846,593 624 737.07
&E 2,243,362 1,471 655.71
XE 2,234,564 1,481 662.77
B 1,128,083 632 560.24
e 1,126,081 698 619.85
AN 3,624,244 2,113 583.02
gt 1,202,927 7,019 626.53

2.4 BEAEHEEHEEE
TERTA SRS - REERHE A B 2R D) st B A > AR EH A 222
FREIVIZOMIMERE - (HREMEENI T » WS HERE—ER S REmEEEEN A -
Frlh > fEiE—Eidr - FRATE B SIS & 5w (Zadeh, 1965; Kwakernaak, 1978)/Y &K
8= A

B U RRHSGARNEMTES » S5 c U B —2 8 m Ay A S5
& o APE—3E5E x B S A I IR us,(x) © JFILL NDC 5 AKE
TERERE A ARG 7705 TR x BN S; IEEERAT ¢«

MSj(x) = NDCSj(x) (8)
Hrp > NDCs;(x) ForBh NDC 35S ARGTRAE S5 EREHImE EHE A -

KMZETEGRE x BEZESEERANEE5ME > RREEAE x EFER%
EERIR SRR pn sp(0) -~ Hf m Fovg m MEEES - JRHAE m fERE
RHE VI3 0% » MRS GBS S 2 B R BT B0 - ARIEBEME G > TR
TRy

ﬂn}":lsj(x) =172, ﬂsj(x) = [17%, NDCSj(x) ©)
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EEGERAEREZTEZE TG ER - EEMESEII R T » TP DU
218 [a) Y5 5 & (Multi-dimensional Normalized Distributional Consistency, MNDC) E#
Fy B8 T 3T S FE AV RS » JREN

MNDC (x) = ”ﬂ’,-":lSj(x) = [17%, NDCs,(x) (10)

DLEFRS MBI TAR ] - R B - T - MRS EE R AR - S
5 x LB S EE R S TR -
MNDC(x) = NDC (%) - NDC . go(x) - NDC () (11)

3. Bl sk

B T B B el B A SR » R 1P 8 B T e B R B A B £
SR R - —  ACTRERL PS03 AR - — - BB
PSRBT 0 L R -

FEBRRRI 35 - (RIS L3R T 3 - BT BB L AR - 55— -
PEEBISIE - B AEEM: - RSB IEIERE I o TRITRUI (AR BREE
R R R YRR E T ¢

Reuse Rate(C) = % n |C”|LC(|Ti)I

Hp C e Ol R T RoRERERE R E T PRy E-E 1 3k L(T)
ForER TifEE R - AXHE RS L s R AL B SRR R [F R - 2EE
REPRFHR S IYEE IR -
P 2 AT SR 5al RV s £ M (H A Dregis S el (e (A LR Ay - A o
WAILLRE R 2 R AR Bt el s A M - E T ¢
# of tokens in T which was covered by C
#of tokensinT

EFRABAETNEERMER - ForaEARTAVE SR T REHE TR E Y
B A -

4. EEERRGTHIGER

4.1 ZlgE AR IREERHEE

TEERISGT b B AR R BE b B Y #E5E S RE R} EE (Corpus of Contemporary
Taiwanese Mandarin , f&f§ COCT) iy sk sB A HE % Lo 2 HUHY AR Eofet e (Fu 5
% N 2016)- COCT EHzE:ELHEEERIFLIEE HE HAjttE s 18 1,220 HF -
5 B S EE AT A A S R 77 (1986-2015 4F) ~ FFEMA - FHEE T RE(L10 57) - Fed A A
R - EFEME - EFEEE - B RRED VUE S JEE R R At AT

(12)

Coverage(C) = (13)
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4.2 BREEERRIE

TRz Oaal g Bse b TR A s b Ze e sl 4.0 R s%sBRHE & T4Y 1,000
#E > F 0 ORI R R~ SO8 ~ HES ~ sEEURCUIR AR E Y% ae &k - (Chinese
Knowledge Information Processing Group [CKIP], 1995)

4.3 FEHEEAFEER

FEE—EERT - JF15aE T ARG ARERZ L SR - AR ERED]
or b IR AR SEY) 530%  F COCT EHmahrBHER BT 7 pit & 3,000 FHY/]N
&5 > AR EE AR A G R ERERE A A0S A - A s R s - AR

Freq: ZEEAERHRHE HAYAHA -

Entropy: DIEREHARETESTSEHE -

DC: L Distributional Consistency s+EEzERVIT S -
JD: Juilland Y53 AHH 5% -

JU: Juilland (GEISEERESZ

CD: Carroll {453 4RtEEIfE -

CU: Carroll fyzalfER%ELE -

LD: Lyne HYGESHERESE -

RAF: Rosengren Fyzal#E# % -

FEESRT - Jf57 I BT ATET RACHRE R T 5 g2y A A ~ S ER
SRR - MR RIRIB A E RS T - &g - R EEER U AT
10,000 {1 57 i Ko 1 Corrl SR T HUAY G R

FERZ i St SR AV EEEE & PRI A B sUeat AR 45 R 2 HUmiT 10,000
al B (FRa SR o W DAP W ERHE A 7 (i AR B s e A A R - 2R 2 B 9 ik
U ER SR P A PR BREGAE R - TRASHRACE > TfIn] LLEE3R Entropy , DC, CD —{#
JT AT AR SR > B PR E T A A B RTEA R ERORE =8 AT
KevEEZE - BA RS EEMEE -

FoifE— D WiEE ey BB - MR B s e R AL PHTRE R E T A E R (R
3) o FEEEFFFATR Freq, DC, JU, CU, RAF S 15 ANEEREMR S - Hh RAF
I CU RES i 3 X0 & BRaG St EE - IbE w1 K01 (55 P 35 2 FEE 20 B sl A e ] L B e
R EEE SRR - A8 (R RAF R CU FrifithsaseRey F A A1 & DC -
EFRIRNRAF K CU HY&EREE TE IR LR - Sra2ER - /A R 8
%% Entropy ~ DC ~ CD =fARER L aa St E A B AR O IEE - e &5
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FREEZ o 5 = A FUHYRETCHE 7 2 FAR R S R B SR A R AT 22 52
JRBIIE = A2 e ey SR 5 T RS0 SRR ) 5] ey A% O M B EE M -

7 2. BT RITE L ER T 7] L IR E
[Table 2. The re-utilization rate of each core vocabulary in different topics in
Sinica corpus]

4E | B | BB | 'R | X8 | g | P
Freq 0.969 0.920 0.897 0.927 0.972 0.973 0.943
Entropy 0.992 0.946 0.924 0.967 0.999 0.996 0.971
DC 0.992 0.947 0.924 0.966 0.998 0.996 0.970
JD 0.991 0.940 0.916 0.964 0.998 0.995 0.967
JuU 0.972 0.924 0.900 0.930 0.975 0.975 0.946
CD 0.992 0.946 0.924 0.967 0.999 0.996 0.971
Cu 0.978 0.931 0.906 0.939 0.980 0.981 0.952
LD 0.991 0.939 0.915 0.964 0.998 0.994 0.967
RAF 0.988 0.943 0.918 0.956 0.993 0.992 0.965

#35. TG LA TR FEE

[Table 3. The coverage of different uniformity formulas in verification corpus]

405 | B | Mg | mE | B | 1E | BREEX
Freq 0.809 | 0.828 | 0.833 | 0.893 | 0.853 | 0.814 0.832
Entropy 0.806 | 0.826 | 0.826 | 0.893 | 0.855 | 0.809 0.829
DC 0.807 | 0.828 | 0.829 | 0.894 | 0.856 | 0.811 0.831
SD 0.788 | 0.806 | 0.818 | 0.872 | 0.829 | 0.792 0.810
JD 0.798 | 0.819 | 0.816 | 0.887 | 0.852 | 0.799 0.821
JU 0.809 | 0.829 | 0.833 | 0.894 | 0.854 | 0.814 0.832
CD 0.806 | 0.826 | 0.826 | 0.893 | 0.855 | 0.809 0.829
CuU 0.810 | 0.830 | 0.833 | 0.894 | 0.855 | 0.815 0.833
LD 0.798 | 0.818 | 0.815 | 0.887 | 0.852 | 0.797 0.820
RAF 0.810 | 0.831 | 0.833 | 0.895 | 0.856 | 0.815 0.833
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4.4 TERACHER

EE(EET > 2L DC K Entropy FiflEl A=A - b HIERLRTET RIS E
FIERUBRETFEI G ERIRER - (EAREERHER D)oy B> IR S5 8 1 S
= WA E Y 55 5 &SR a2 0T BN R — 2 - FEEVI O TARIZ D
F—MEBER A —(EEER COCT EHmEEREVI/RIEDE ; i TS BV AR 10
{8 EREMERIT B COCT EMEBRIET R 10 {HE SR - AR RA R B EEE
SRS A - EHEAENETE L - DC K Entropy Wi AZES S BISTESSEE
FULATYES &) S BRI AR (AR 12 Y39 5 fE (Normalized DC B2 Normalized Entropy) - ‘&
CERFEIREHEF AT 10,000 ([ 5E (F fyaa sk » WiERaS s s R0V A % -

FA R L EFREV) A AGEERNGER K TEEZ, RORSSSEERED) R AETS -
Bl - RIS  PTER ~ SCER g NERER o R 4 T o] DASS R IO ERE RS ~ L
B KA E BRI A AR S 0 FrLUESERTR @B 2= - Ml ~ RRE R
BV A REK > EHLRA MRS - BIEAGR » EH L2 BAMIENNE - H
AIEREIAE - BEAFRDEMERE VT ERAZEE RRIRE -

4. FASEIEAEFTEHTEFIHRELLE » UZERBEIE 7 B

[Table 4. The comparison of re-utilization rate before and after word frequency
normalization(using book as a block unit)]

405 | Bt | M2 | TR | X2 | 4 | P

Entropy 0.991 | 0928 | 0.901 | 0.962 | 0.999 | 0.994 | 0.962
Normalized Entropy | 0.992 | 0.933 | 0.906 | 0.965 | 0.999 | 0.994 | 0.965
DC 0.994 | 0.943 | 0.917 | 0.970 | 0.999 | 0.996 | 0.970

Normalized DC 0.994 | 0945 | 0919 | 0.970 | 0.999 | 0.996 | 0.971

% 5 B DL E BRI o AR S 45 FAE BT DS A RS R4
WA B A > O F R P R S A B U B A 2 - AU TER
Normalized Entropy 77 (B3I f A PRI ISR EPEL R IELAY Entropy ATHHEAME S -
S F] 5% ] Normalized DC (PRI RIESH(LAT DC 425 3-4%- i
GRS R T ) SV S B O R T E > LAY
SEE BB YIE > EERERA NS EEA > LR R Entropy BUE DC A%t 4%
EARTERRL » 4 BRI B RIS -

PSSR T — - Entropy B DC 25 5 S5 5ERIE Y] 5 R R e
FifLL Entropy TER(E{4 %0 EHEAEE DC AGSHHEE - — » WU WS/ D I9Es 7 » EHLA
INF ISR PR B B R B BT LA TE (L R A B 75
AR R - =~ 4% « SUER BB A S O A PR Bl R R AT

‘o B SR A AR R S S B 10 0 ¢ 4R, AR RRE, TR RCTEEOE, HHE, Bl
M, SEEOCRE, R, ERIRERE, B R -
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5. FIRIER LRI HTFIFIITRILEE + LU F/E 7 IR Ram B S i e
[Table 5. The comparison of re-utilization rate before and after word frequency
normalization(using topic as a block unit)]

4% | Bt | BB | TR | X8 | 1d | WY

Entropy 0.919 | 0.812 | 0.810 | 0.798 | 0.905 | 0.936 | 0.863
Normalized Entropy | 0.967 | 0.873 | 0.839 | 0.893 | 0.975 | 0.973 | 0.920
DC 0.945 | 0.858 | 0.848 | 0.841 | 0.937 | 0.957 | 0.898

Normalized DC 0.974 | 0.894 | 0.862 | 0.909 | 0.980 | 0.980 | 0.933

4.5 ZHEBSHIBIR
FESE =(EE SR T - AWFE LR B — i (A4 A FE A B sR R A B & 2% 1 13 A FE i e
SRR 72 5 - AR BRI V) 73 b BR A T R D 00% > o3 RilEt . NDC A1

Text NDC: [Ef##%U]5k 3,000 FHVEIE » 515 NDC 4% -

Book NDC: DIEFE BB » U)srAk 850 {EIE&HR - 55 NDC 5 -
Class NDC: DLEB3HIVIorRE 10 {HESR - 515 NDC 5% -
Year NDC: PAHRRAF(370AK 29 (HEER - 515 NDC 4% -
MNDC: ¥ F%I|/UfgEss S EEE L. MNDC AFETE H B A5 5 o

TERATRELE B B9 - BPIFIRE (el SR (M 3EBHERT » JPAELAT 10,000
B R - FREL T M5B RS 5 [HAe® -

# 6 LUFTRIFISRS (55 A . » (46 P IRIPIRTBLEER » MNDC 3PS5
A BRI RIFISR - i 0r e & % (BB A5 AR (MNDC AZ)TRE AT DLt
DR -

# 7 BIRDGERAEERAGTE RO AR - (SR TSI, MNDC ARRAHER
FEEREE % (1 Text NDC RIS (3B ATER LAIZH MNDC -
2 % T 6019 5 R (MNDC) (E 32 R | » ELmehslien b o L R PR 8B4 + T
— B T LA R T3 -
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#6. BEEE R AIBTETRTE

[Table 6. The re-utilization rate of multi-dimensional uniformity integrated word list]
&5 Bl 2 T X Ean= g
Text NDC 0.992 0.946 0.924 0.965 0.998 0.996 0.970

Book NDC 0.994 0.945 0.919 0.970 0.999 0.996 0.971

Class NDC 0.974 0.894 0.862 0.909 0.980 0.980 0.933

Year NDC 0.992 0.937 0.914 0.966 0.996 0.996 0.967

MNDC 0.996 0.951 0.928 0.973 0.999 0.997 0.974

7. ZEHFIGEEESH G EREZ T
[Table 7. The corpus coverage rate of multi-dimensional uniformity integrated word
list]

AE | B | ME | 'R X8| 1 | BEEEXR
Text NDC 0.807 0.828 0.829 0.894 0.856 0.811 0.830
Book NDC 0.795 0.818 0.808 0.888 0.853 0.794 0.818
Class NDC 0.734 0.752 0.735 0.836 0.795 0.731 0.757
Year NDC 0.782 0.799 0.799 0.881 0.836 0.786 0.807
MNDC 0.803 0.824 0.821 0.893 0.856 0.805 0.825

FH A A2 P A P SR BB R 7 25 R W YA B P AE BRI RR (& > FTLAER 6 KR 7
ol A I BARERE MNDC AR - By 1 RS2 R R A A1 I R B R B 7 2 R A BB 5
ATFEEIE E A RAVAGEIEAE 1,000 Wi iz 40,000 &6 GEFR A R BEER B &
RVEALRA (5 - (L8 2 v DESREMH FERRERREZRRARE Z T » MNDC LB Text NDC
e oAt B — [ [ S FE A TR TE TR A I

1.005
1.000
= 0.995
g —o—Text NDC
0.990
F] —a—Book NDC
0.985
H Class NDC
#* 0.980
0.975 ‘ —w=—Year NDC
. 3
== NMNDC
0-970 T T T T T 1
0.650 0.700 0.750 0.800 0.850 0.900 0.950

167 2. G 2 R 2R I (7 IE]

[Figure 2. The relationship between corpus coverage and word list utilization rate]
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5. MG

BRI B IS AT HIGTE - SRS IR - At R
Blisara S A

B » MBI LRSI S AR 10,000 F6TEZE - FIEE 2095
L FIERELR > G507 8 o AERPRMTTT AR - 1951 PRI Saa AR
SERRID T 49 1,000 3 - RAASEIILES VHBAEAEEORE SRS
5] o B AN R » LA E SRR R SRS - AR
SI(ADV) BB (VORI BB (VIVE BRI - LS (HE R - I RETT
3 ) R A L R S (R AT DB -

HR > FPHERAGEIBOR B 500 SABIEE kE S REUGRRTEE S 1 (2 9) -
FMEFGARIE D - BIFI(ADV) - 5% E(C), il (POST) - BT (ASP) »
P3P SEAEIGALLBIR S - MR - 23N) « RYEEEVY - K RS (Vi)
FIGAILLBIR S « (632 O INESSRIRITAT DVES - MR R/VEF - 1 EIThEE
RIFBE 0 - B HTRE BIEERES 1 EI R SRS - b
T DA A -

AT S FRRRE L > L R R o] USSR B (S
ERRL IR - (R IISES SRR - A ISR s e - e
3 R B S R BN AL - SIS EoGR - DIASITaE s BT - 1%
FER © AR (Klammer, Schulz & Volpe, 2009) + [ IR f £ ¥l 22 o i
S T BE ST - DL EEH @ 7 4 68 19 2E35 /37 (Steering. Committee for the Test of
Proficiency - Huayu[SC-TOP], 2016) {3 » APH4RAfesfr) 500 37tk » 4346 T M5 (g
FEBI4T 60%) - TITERSHESR T » eshEEBINEEIL) 50%ZEA « Ml - Bl RORAI =41
SR IR LY 40% ] IR S R R R SRS 4 - It -
SR T SR PR LA TE IR A R BRI Bl
LU IR SAILL ] -

7 8. F 10,000 F7 T THE LT
[Table 8. The comparison of Parts of Speech of the top 10,000 words]

REEl | ST | eGSR | HOTTEleR | WokER
E2 Sl Weks8 | ZEatE ZHE7tE Bt

ADV/gI] 634 755 6.34% 7.55% 19.09%
AIFESE) P2 96 92 0.96% 0.92% -4.17%
ClisfzsH 111 119 1.11% 1.19% 7.21%
ASP/IFRERES 10 11 0.10% 0.11% 10.00%

DET/Ezd] 191 222 1.91% 2.22% 16.23%
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M/ &5 169 168 1.69% 1.68% -0.59%
N/4455 4,752 3,749 47.52% 37.49% -21.11%
P/ 102 108 1.02% 1.08% 5.88%
VU R ] 2,355 2,811 23.55% 28.11% 19.36%
T/ZEBhER 54 48 0.54% 0.48% -11.11%
VIIAS )] 1,479 1,869 14.79% 18.69% 26.37%
POST/{% Bl 47 48 0.47% 0.48% 2.13%

9. T [EYCERRT 500 77581 CEF 10,000 5549573877 T LEEE
[Table 9. The comparison of the distribution of the Parts of Speech of top 500 and
10,000 words according to uniformity]

W% 10,000 ZEEEERSI AR W% 500 FEIEESR AT
ADV/ElIE 7.55% 21.60%
Al (FE8) Toass 0.92% 0.60%
Cliipzs 1.19% 7.00%
ASP/FFREREED 0.11% 1.00%
DET/5E:] 2.22% 8.80%
M/ &z 1.68% 4.00%
N/45] 37.49% 16.80%
P/ 1.08% 5.60%
VU K y@hse] 28.11% 21.40%
T/EEBhE 0.48% 2.20%
VI B W] 18.69% 7.80%
POST/{% Bl 0.48% 3.20%
6. &him

AT > Wt —EE e 2 mEY IR R A - (g A E R E
F =5 RS B 73 HH AT 6] > 2 T eV A S e A DR S » 2 B S SR IE AR LAY
TERME I EEST A BRIV ERA/ N — B - ISR 2 L RERT R E -
it o W T —E LA REE R E S G % L sl S BERY U5 7% R AR R K o i 25
T S AP EENGE RAVA BB BRI - Btk - MILAESREEE - IEAR(ERAVITS
£ AV F] DUA 0SS S JERTEHS - S 2R SRR RITE » HE A
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DUBE R A LR B R 5%

HERESHEENEM L BEFF T ER Y IE AN R SRR o B A3
FEASL Pt BRES T DASAR s 3 AT 2 FE A Rysal SRR AR R - GRS > EWIRE s
FERAVERR | S BRRARE AR LR s RS E T - DIREsEFTSHY
ELBIE IR & > HERE E AR B E o AT AT SR 0 A 8 W B A F A% LA
HaAELHl -
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N-best Rescoring for Parsing Based on

Dependency-Based Word Embeddings
Yu-Ming Hsieh* and Wei-Yun Ma*

Abstract

Rescoring approaches for parsing aims to re-rank and change the order of parse
trees produced by a general parser for a given sentence. The re-ranking
performance depends on whether or not the rescoring function is able to precisely
estimate the quality of parse trees by using more complex features from the whole
parse tree. However it is a challenge to design an appropriate rescoring function
since complex features usually face the severe problem of data sparseness. And it is
also difficult to obtain sufficient information requisite in re-estimatation of tree
structures because existing annotated Treebanks are generally small-sized. To
address the issue, in this paper, we utilize a large amount of auto-parsed trees to
learn the syntactic and sememtic information. And we propose a simple but
effective score function in order to integrate the scores provided by the baseline
parser and dependency association scores based on dependency-based word
embeddings, learned from auto-parsed trees. The dependency association scores
can relieve the problem of data sparseness, since they can be still calculated by
word embeddings even without occurrence of a dependency word pair in a corpus.
Moreover, semantic role labels are also considered to distinct semantic relation of
word pairs. Experimental results show that our proposed model improves the base
Chinese parser significantly.

Keywords: Word Embedding, Parsing, Word Dependency, Rescoring.

1. Introduction

How to solve structural ambiguity is an important task in building a high-performance
statistical parser, particularly for Chinese. Since Chinese is an analytic language, words play
different grammatical functions without inflections. A great deal of ambiguous structures will
be produced by a parser if no structure evaluation is applied. Therefore, the major task of a

* Institute of Information science, Academia Sinica, Taipei, Taiwan
E-mail: {morris, ma}@iis.sinica.edu.tw
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parser is to determine the most plausible parse tree from these ambiguity structures.
Re-ranking approaches are widely used in parsing natural language sentences for further
advancing the performance of statistical parsers (Shen, Sarkar & Toshi, 2003; Hsieh, Yang &
Chen, 2007; Johnson & Ural, 2010; Le, Zuidema & Scha, 2013; Zhu, Qiu, Chen & Huang,
2015). It is an intuitive and efficient strategy to determine the most plausible parse tree from a
set of candidate parse trees of a sentence through a rescoring approach.

Treebanks are a widely used resource in parsing task, as it provides useful statistical
distributions regarding grammar rules, words, part-of-speeches (PoS), and word-to-word
association®. However it is difficult to obtain sufficient information requisite in re-estimation
of tree structures from existing annotated Treebanks since sizes of treebanks are generally
small and insufficient, resulting in a common problem of data sparseness, especially for more
complex features in a re-scoring scenario, such as word-to-word dependency associations. So
learning information and knowledge from analyzing large-scaled unlabeled data is a
compulsory strategy, which is proved useful in the previous works (Wu, 2003; Chen, 2008;
Yu et al., 2008).

In this paper, we utilize a large amount of auto-parsed trees to learn the syntactic and
semantic information and present a simple but effective score function in order to integrate the
scores provided by the base parser and word-to-word dependency association scores. The
dependency association scores are based on dependency-based word embeddings, learned
from a large amount of auto-parsed tress. The score function can relieve the problem of data
sparseness, since the dependency association scores can still be calculated by word
embeddings even without the occurrence of a dependency word pair in a corpus. In addition,
Kim, Song, Park & Lee (2015) proves that the dependency labels (i.e., semantic role labels) in
re-ranking parsed tree are important information. As a result, semantic role labels are also
considered to distinct semantic relation of word pairs.

Word embeddings have become increasingly popular lately, proving to be valuable as a
source of features in a broad range of NLP tasks (Turian, Ratinov & Bengio, 2010; Socher et
al., 2013; Bansal, Gimpel & Livescu, 2014). The word2vec package (Mikolov, Chen, Corrado
& Dean, 2013) is among the most widely used word embedding models today. Their success is
largely due to an efficient and user-friendly implementation that learns high quality word
embeddings from very large corpora. The word2vec package learns low dimensional
continuous vector representations for words by considering window-based contexts, i.e.,
context words within some fixed distance of each side of the target words. Another different
context type is dependency-based word embedding (Bansal et al., 2014; Levy & Goldberg,

! Word-to-word association is also called word dependency, a dependency implies its close association
with other words in either syntactic or semantic perspective.
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2014; Melamud, McClosky, Patwardhan & Bansal, 2016), which considers syntactic contexts
rather than window contexts in word2vec. Dependency-based word embedding is able to
capture functional similarity (as in lion:cat) rather than topical similarity or relatedness (as in
lion:zoo) that word2vec would probably provide. Further, Melamud et al. (2016) prove that
the approach should depend on the tasks to choose the right context type, windows size, and
dimensionality in word embedding. From the experiments done by Bansal et a/. (2014) and
Melamud et al. (2016), results show benefits of such modified-context embeddings in
dependency parsing task. Kim et al. (2015) proclaim similar arguments that semantic view
should be taken into consideration in re-ranking parse trees because a dependency word pair
implies both syntactic and semantic relations.

We propose a rescoring approach for parsing based on a combination of original parsing
score and semantic plausibility of dependencies to assist the determination of the parse tree
among the n-best parse trees. The original parsing score is produced from the Chinese parser
(Hsieh, Bai, Chang & Chen, 2012), and the semantic plausibility of dependencies is calculated
from dependency-based word embedding. There are three main steps in our rescoring
approach. The first step is to have the parser produce n-best structures. Second, we extract
word-to-word associations (word dependency) from a large amount of auto-parsed data and
build dependency-based word embedding. The last step is to build a structural rescoring
method to find the best tree structure from the n-best candidates. We conduct experiments on
the standard data sets of the Chinese Treebank. The results indicate that our proposed
approach improves the base Chinese parser significantly.

The remainder of this paper is organized as follows. In Section 2, we describe the
rescoring approach and introduce a strategy to extract word dependency associations from a
large-scale unlabeled corpus. In Section 3, we report the results of experiments conducted to
evaluate the proposed rescoring approaches on different scores of dependency. Section 4
provides a discussion on the related work. Section 5 contains our concluding remarks.

2. Rescoring Syntactic Parse Trees with Dependency Embeddings

In this section, we will describe our rescoring approach. First, we need a parser to generate
n-best parse trees with their structural scores, and then select the best parse tree through a
score function which considers the structure and the dependency embeddings. Figure 1 shows
a flow chart of our rescoring approach. Given an input sentence, the ‘parser’ is responsible for
word segmentation, part-of-speech tagging, semantic role labeling, and generate n-best parse
trees. And then the ‘rescoring’ is based on a combination function of the original parsing score
and the semantic score of dependencies to determine from the quality of the n-best parse trees.
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parser

Word Segmentation
input PoS Tagging n-best Rescoring output
Syntactic Parsing

Semantic Role Labeling

1
1
1
C O D |
Lexical ! Dependency
Tr nk
Database eebanks E Database
1
1
1

"""""""""""""""""" semantic knowledge

Figure 1. A flow chart of rescoring approach.

We adopt word2vecf (Levy & Goldberg, 2014) package to train dependency-based word
embeddings from the parsed trees of our corpus. Similar to the approach of Levy & Goldberg
(2014), the two steps are needed to achieve this training stage.

 Step 1: Extract word associations from each tree.

 Step 2: Train a dependency embeddings including target embeddings and context
embeddings.

Figure 2 illustrates the first step of word association extraction. Based on the head word
information (i.e. the semantic role of the word is ‘Head’ or ‘head’, called the “head word’), we
extract dependence word-pairs between head words and their arguments or modifiers. For
example, if we have a sentence ‘ #ZZHEHY 1< | he is wearing shabby clothes’, five
word dependency pairs will be extracted from this tree structure including head words,
modifier words, part-of-speeches, semantic role labels, frequencies and etc. The word
dependency in (agent ftflhe Nh, Head[S] Ziwear VC) represents a head word ‘ Zwear’ , its
PoS VC (Active Transitive Verb), and its modifier (/#/he, Nh) with the semantic role label

‘agent’®.

2 The ‘agent’ is a semantic role label. There are 60 semantic roles including thematic roles of events
such as ‘agent’; ‘theme’, ‘instrument’, and secondary roles of ‘location’, ‘time’, ‘manner’ and roles
for nominal modifiers. Please refer to CKIP technical report (Chinese Knowledge Information
Processing Group [CKIP], 2013) for detail information.
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S(agent:NP(Head:Nh: fif; )|Head:VVC: & |aspect: Di: 2 [goal:NP(property:V - #y(head:VH:
B85|Head: DE:{Y)|Head:Na:_F1X)):
He is wearing shabby clothes.

S_
7 B —
goal
NP
../..'/""‘--__‘___H__
g
agent property
NP Y- /Y
| O
Head Head aspect head Head Head
hh W Di VH DE Na

fitl # E wE f9 £

agent A Nh Head[S] jo vC 1

Head[S] Z VC aspect = Di 1

Head[S] Z VC goal i< Na 1

property e,y VH.DE Head[NP] Ex Na 1

property W EE VH Head[V] #y DE 1

Figure 2. Extraction of word-to-word association (word dependency) from a
parse tree.

The second step is to train dependency embeddings. We transform the information of
word-to-word associations (in Figure 2) into the word2vecf format (in Figure 3). The specific
format actually contains two types: the left column is the original word dependency, and right
column is the inversion of these words.

word dependency Inverse dependency
(%, agent_1if) (ftf, agentl_%F)

(%8, aspect_#%) (&, aspectl_%F)

(%, goal_ F1X) (EAX, goall _%)
((FA%, property_B7E5) (B85, propertyl 7<)
(1, property Ff7E5) (B7 2, propertyl_f19)

Figure 3. The transformed word dependency knowledge and the
dependency-based embedding format.
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The final step is rescoring. We integrate the original parsing score with dependency
embedding score of parsed n-best trees, and then select the best tree based on the rescoring
scores. This step will be illustrated more clearly in the next section.

2.1 Measuring Dependency Plausibility of a Parse Tree

We use trained dependency-based word embeddings, including the target and the context
embeddings, to design our score function. Figure 4 indicates an example of word/context
embeddings. The symbol u is target word embedding, and the symbol v is context word
embedding, where n and m represent size of u and v embeddings respectively. Both
embeddings dimension is 300. For example, the embedding of the target word ‘ Z&wear’ is u,—
» =[0.35, -0.33, -0.01, ---, -0.17], and the embedding of the target word ‘goal J&# is v,—sw

=[0.05, -0.06, 0.01, ---, 0.04].
word embedding context embedding

D=300 D=300

e

agent_/5F]

themel_g83

DUMMYI_z

propertyl_gY

n rangel £ m

time_22

themel_&

rangel_#=
evaluation_+&

u DUMMYI_2§ v

Figure 4. Dependency embeddings: Word and context embedding.

5 awws;égh{atmmzm

Table 1. The top-10 closest words to the target word ‘ Zwear’ and its
context activated.

Words similar to: "Zg' Contexts activated by: "Z¢'
S 07544027174 goal 0.6248433766
Sf 07354367107 goal_jk 0.6048768995
SE 07281331702 goal_ﬁ)} 0.5800340081
Y 07054656051 agent_‘%’%ﬁﬁﬁ 0.5690256649
B% 06858005123 goal_FiHE 0.5657152053
\ agent L5 0.5602549151
iﬁ? 22222223232 complement_ ] 0.5553763580
%;ﬁ 0.6747521378 agent_%%28 0.5528911113
o 06619956103 Head_%?éﬁ 0.5506488225
goal_Z:HH 0.5498251675
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The word similarity list and context activated of the word ‘ Z5/wear’ are shown in Table
13, The DepScore is our dependency embedding score in Equation (1). The DepEmb of a parse
y(s) tree with dependency embeddings is to represent the dependency associations of a parse
tree as a set of target ¢ and context c. Each dependency in a parse tree can be regarded as a (7,¢)
set. The semantic plausibility of a parse tree is then defined as the sum of the scores of all
dependencies in the tree. That is, the semantic score of a parse tree y is defined as

DepScore(y(s)) = DepEmb (ug, v,) 1)
(t.c)ey(s)

tog P00
ExeRel(t) exp(Ug * Vy)

DepEmb (us,v,) =

DepEmb(u,v.) is calculated by taking exponential of dot product u,v., following by a
nomalizaion. x=Rel(t) means a word ¢ and its dependency word x from dependency database
(see Equation 1). Finally, we obtain dependency embedding score and frequency for each pair
shown in Table 2. With the dependency embedding and frequency information, our design of
rescoring will be discussed in the next section.

Table 2. The target word ‘ Z§wear’ and its dependency word DepEmb
score and frequency .

By dependency embedding score: By frequency:
TOTAL_&E  1.0000000000 TOTAL_ZFE  9754.000000
goal_Z¥E  0.0008847827 goal 7XfB  256.000000
goal ¥{-fE 0.0007814124 aspect_y  197.000000
goal EEfns:  0.0007664880 goal_#fk  186.000000
goal 'EPR  0.0007657732 quantity #§  160.000000
goal_7%1E  0.0007545836 quantity_fiff  146.000000
agent_¥tF  0.0007487881 aspect_ #8  145.000000
reason_%&  0.0007484265 deontics_EE  127.000000
goal I8 0.0007453635 negation 7  118.000000
goal fi#fR¢E  0.0007444242 evaluation_#1  102.000000
theme_18FF%  0.0007376180 agent_{ff,  100.000000

2.2 Rescoring Model for Parse Trees

A re-ranking model ranks a set of candidate dependency parse trees according to its criterion.
The criterion of our re-ranking model is a combination of syntactic and semantic score. Given

% The interface of the provided information is revealed in the following website.
http://irsrv2.cs.biu.ac.il:9998/?word=wear.
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-~

a sentence s, we define the rescoring model as follows, and the best parse tree y of s is
obtained from y.

y = argmax A x CDMScore(y(s)) + (1 — 1) * DepScore(y(s)) )
yegen(s)

where gen(s) is a set of n-best outputs of a baseline parser. In Equation (2), CDMScore(y) is
the original parsing score generated by CDM Parser (a context-dependent PCFG Parser). The
log probability of a parse tree y is used. DepScore(y) is the final semantic score of a parse tree
y. CDMScore and DepScore are normalized, i.e. (i-min)/(max-min). The symbol 1 is an
weighting parameter between CDMScore(y) and DepScore(y). We substitute 1 for every
interval of 0.1 from 0 to 1, and design the relating 4 from development sets.

3. Experiments

We conducted experiments on our experimental data setting and the evaluation results. And
we investigate different types of context in word dependency extraction process and analyze
the test results.

3.1 Experimental Settings

Several parts are introduced below to illustrate our experimental design, including corpus,
software, evaluation criteria.

Treebank: We employ Sinica Treebank® as our experimental corpus. It contains 61,087
syntactic tree structures and 361,834 words. The syntactic theory of Sinica Treebank is based on
the Head-Driven Principle; that is, a sentence or phrase is composed of a phrasal head and its
arguments or adjuncts. We use the same dataset in Hsieh ez al. (2012), and divide the treebank
into four parts: the training data (55,888 sentences), the development set (1,068 sentences), the
test data TO6 (867 sentences), and the test data TO7 (689 sentences). The test datasets (T06, TO7)
are the datasets used in CONLL06 and CoNLLO7 dependent parsing evaluation individually. The
only difference between Sinica Treebank data and CoNLL data is that the CoNLL is in
dependency format. We use labeled information of gold-standard word segmentation and POS
tags as our input data in all our experiments.

Large Corpus: The Gigaword corpus contains about 1.12 billion Chinese characters, including
735 million characters from Taiwan's Central News Agency (traditional characters), and 380
million characters from Xinhua News Agency (simplified characters). We used the Central News
Agency (CNA) portion of Chinese Gigaword Version 2.0 (LDC2009T14). We need to perform
word segmentation and part-of-speech tagging before parsing, and the baseline parser is used to

* Please refer to the Sinica Treebank webpage for further information: http://treebank.sinica.edu.tw/.
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parse the sentences in the Gigaword corpus. In our experiments, word dependencies are
extracted from CNA texts. Finally, we obtain 37,711,822 parse trees and extract 224,371,806
word-to-word associations (word dependency).

Chinese Parser: The parser includes some components: Chinese word segmentation, PoS
tagging, syntactic parsing, and semantic role labeling. The Chinese word segmentation system
and part-of-speech tagging system reaches a high performance of over 95% and 96% in accuracy
respectively (Tsai & Chen, 2014). The extracted grammar rules of Sinica Treebank are used in
the syntactic parser. We follow You and Chen’s method (You & Chen, 2004) to assign semantic
role automatically. The system adopts a probabilistic model of head-modifier relations and
achieves 92.71% accuracy in labeling the semantic roles.

Estimating Parsing Performance: In evaluation, we use a structural evaluation system called
PARSEVAL to compare the parsing results with the gold standard. Throughout the experiment,
the bracketed f-score (BF) from PARSEVAL is used as the parsing performance metric.

Dependency-based Embedding: Following the illustration about word dependency extraction
in section 2.1, we create word embedding from large-scale corpus by word2vecf tool with
parameter dimension = 300, negative sample=15, minimum frequency=35, and iterations=5 in
our experiments. Finally, we have 568,180 words and 1,721,301 contexts in « and v embedding
respectively. A = 0.7 in Equation (1) is used in the all experiments below.

3.2 Results of Rescoring Approach

First, we use the n-best tree structures produced from F-PCFG parser and observe their
bracketed f-scores (BF) variation. The oracle n-best BF of F-PCFG parser are listed in Table 3.
In the data set TO7, we find that for the 20-best result, the oracle BF score is 94.66%. In
contrast, in the 1-best result, the oracle BF score is 83.91%.

Table 3. Oracle BF score as a function of number N of N-best parses.

sent. # 1 3 5 10 20
TO6 867 88.56 92.77 94.11 95.69 96.35
TO7 689 83.91 89.83 91.50 93.57 94.66

Rescoring evaluation: The rescoring evaluation results of the proposed model
‘Rescoring-emb’ and its competitors are given in Table 4. The ‘F-PCFG’ parser adopts a
linguistically-motivated grammar generalization method to obtain a binarized grammar from
original CFG rules extracted from treebank (Hsieh, Yang & Chen, 2015). The ‘CDM’ Parser
proposed by Hsieh ez al. (2012) achieves the best score in Traditional Chinese Parsing task of
SIGHAN Bake-offs 2012 (Tseng, Lee & Yu, 2012). Compared with the other two parsers of
F-PCFG and CDM, the approach of ‘Rescoring-emb’ takes additional semantic score of
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dependency parse trees into consideration and achieves high performance on BF scores.
Table 4. Results on T06 and TO7 data set.

TO6 TO7
F-PCFG 88.56 83.91
CDM 89.91 85.86
Rescoring-emb 90.55 86.41

From Table 4, our rescoring method obtains improvement from 88.56% to 90.35% and
the BF score is between the oracle score 1-best and 3-best. The result of the experiment is
similar to Charniak & Johnson (2005) proposed re-ranking model. An example of the
improved n-best parse tree after baseline parsing is presented below. The sequence of these
results represents the scores of the original tree in order and the best result is in the 4th tree
after rescoring approach.

S(NP(DM:ZE—X|DM:F 5 0 0 O Z{f|Head:Na: A )|Head:VC: )
VP(NP(DM:Z2—K|DM: A 5 0 0 0 Z%{H|Head:Na: A\ )|Head:VC:£:#H)
VP(DM:ZE—XKINP(DM:E 5 0 0 0 Z%{H|Head:Na: A\ )|Head:VC:£:#H)
S(DM:ZE—KINP(DM:F 5 0 0 O Z{f|Head:Na: A )|Head:VC: )

In addition, we conducted another experiment without a semantic role label in word
dependency pairs. The BF score decreased from 90.55% to 90.05% in TO6 data set. The
results show that using semantic role labels in word dependency is useful. Furthermore we
attempt to compare the effect on using the traditional conditional probability method called
‘Rescoring-freq’. Therefore, we modify the Equation (2) into Equation (3). The symbol m is
the modifier word of the dependency word pair, 4 is the head word, fireq(m,h) is frequency of
the (m,h) dependency, and fieq(h) is frequency of the 4. If freq(m,h) is 0, we will replace it by
1/total word dependency.

y = argmax A x CDMScore(y(s)) + (1 — 1) x WAScore(y(s)) 3)
yegen(s)

WAScore(y(s)) = Z log P(m|h)
(mn)ey(s)

_ freq(mh)
Pmlh) ==
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We also compare the performance of using the traditional conditional probability method
with our approach. From the experimental results, the BF fell by 0.3% in TO7 dataset in Table
5, denoting that the embedding-based scoring has better results than the traditional approach
since the embedding score can relax the data sparseness problem, i.e., since dependency scores
can be still calculated by word embeddings even without the occurrence of a dependency word
pair in a corpus. This verifies the finding of Melamud, Levy & Dagan (2015) in their lexical
substitution research based on the word embedding model.

Table 5. Results of ‘Rescoring-emb’ and ‘Rescoring-freq’

T06 T07
F-PCFG 88.56 83.91
CDM 89.91 85.86
Rescoring-emb 90.55 86.41
Rescoring-freq 90.35 86.19

3.3 Effects of Word Sense Information

In addition to word information, we give a study about the effect on embedding with word
sense information. Regarding to word sense information, we use the head senses of words
expressed in E-HowNet® as words’ semantic information. For example, the E-HowNet
definition of E#Fi(Na), is {LandVehicle|® :quantity={many|24}}, and its head sense is
“LandVehicle|¥”. For detailed description about E-HowNet, readers may refer to Huang,
Chung & Chen (2008).

Therefore, to obtain sense definition of lexicons, we convert the word dependency data in
Figure 3 corresponding to the E-HowNet dependency (or concept-to-concept relation) as
shown in Figure 5. We have two special cases to handle during the process: 1) unknown words,
2) sense ambiguity. The unknown words are skipped in the present experiment. As for the
sense ambiguity, we retain the ambiguity of words in E-HowNet, since Zhao & Huang (1999)
demonstrated that the retained ambiguity does not have an adverse impact on their
identification system.

® The E-HowNet information please refer to webpage: http://ehownet.iis.sinica.edu.tw/
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Concept-to-concept dependency

Inverse dependency

(PutOn|ZE&, agent_3rdPerson|fif. \)
(PutOn|ZE#Y, aspect_AspectValue|i% 57 )
(PutOn|ZEE, goal_clothing| 1<)

(3rdPerson|flz_\, agentl_PutOn|ZEE)
(AspectValue|i5571H, aspectl_PutOn|ZEE)
(clothing|<#7, goall_PutOn|ZE#)

(clothing|#<#/, property_used|g5)
(relation|[#&l%, property_used|E)

(used|&, propertyl_clothing|#<#7)
(used|E&, propertyl_relation|f8 %

Figure 5. The concept-to-concept relation and its inverse dependency.

After mapping, we obtain 1,858 target concepts and 93,058 context concepts. We train
the concept level embedding and obtain DepScore in Equation (1). The experimental result
does not seem to improve the overall performance. However some lexicons with the same PoS
tag appearing in the similar context may improve through concept relation. For example the
common noun “&.1-/table (Na)” and “ZE-F/car (Na)” can be as a patient of the verb to move
“BEheT vs. FENEE-T” and in the context denoting location, “fF£-1 F vs. fE¥E T F.”
But if these words are tagged with sense information, table as {furniture|22 2.} and car as
{LandVehicle|E}, the two nouns are distinguished more easily. Furthermore the unknown
word influence may cause deficiency in sense information. In ten-thousand-word Sinica
Corpus®, there are around 8.04% unknown words which do not appear in E-HowNet. And the
concept information deficiency is even more serious in CNA Corpus. We suspect that the
DepScore may not be precise enough because of this factor. In the future, we aim to solve the
problem by developing a sense predictor based on lexical analysis and word embeddings to
predict the sense of unknown words.

4. Related Work

Our re-ranking estimation approach can be divided into two parts. The first one is rescoring
model based on large scale corpus, and the second part is about designing a score function
based on word dependency associations.

4.1 Rescoring Model Based on Large Scale Corpus

Most rescoring approaches rely on a post-processing to select the best structure from the
n-best parse trees (Shen et al., 2003; Hsieh et al., 2007; Johnson & Ural, 2010; Hayashi,
Kondo & Matsumoto, 2013; Le et al., 2013; Zhu et al., 2015) or a robust structural evaluation
in their parsing models (Wang, Sagae & Mitamura, 2006; Hsieh et al., 2012). Treebank is a

® Sinica Corpus is the first Balanced Modern Chinese Corpus with part-of-speech tagging. Please refer
to the website for detail information (http://asbc.iis.sinica.edu.tw/).
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widely used resource, but it is generally small-sized. To overcome the data sparseness problem,
some certain strategies of rule generalization and specialization are devised to improve the
coverage and precision of the extracted grammar rules (Johnson, 1998; Sun & Jurafsky, 2003;
Klein & Manning, 2003; Hsieh et al., 2015). However, these studies focused only on syntactic
information of parse trees and no semantic information is used in their model. Kim et al.
(2015) proves that the dependency labels (i.e., semantic role labels) in re-ranking parsed tree
are important information. As a result we add semantic role label information in word
dependency to distinct semantic relation of word pairs.

4.2 Word Dependency Associations

Common knowledge is needed in a robust parser. How to extract useful information from
unannotated large scale corpus and represent the knowledge has been a research issue (Wu,
2003; Chen, 2008; Yu et al., 2008; Hsieh, Chang & Chen, 2014). Similarly, we train our word
dependency associations from large-scale corpus. The representation of the dependency
associations is like knowledge graph embedding (TransR) (Wang, Zhang, Feng & Chen, 2014)
or dependency-based word embedding (word2vecf). TransR proposed by Lin et al. is adopted
for representing semantic scores (Lin, Liu, Sun, Liu & Zhu, 2015). TransR models entities and
relations in distinct spaces, and then translates the entities in an entity space into the space of a
specific relation. Melamud et al. (2016) indicate word2vecf (Levy & Goldberg, 2014) in
pre-trained embedding on unlabeled data in the Stanford Neural Network Dependency
(NNDEP) parser (Chen & Manning, 2014) yields improved performance. In our approach, we
use word2vecf to train dependency-based word embeddings (target, context) and calculate
word dependency association scores in our task.

5. Conclusions

In this paper, we present a rescoring approach for parsing based on a combination of original
parsing score and word dependency associations to assist the determination of the best parse
tree among the n-best parse trees. To overcome the data sparseness problem, our word
dependency associations are modeled through dependency-based word embeddings, learned
from a large amount of auto-parsed trees, and semantic role labels are also considered to
distinct semantic relation of word pairs. The experiment results indicate that our proposed
approach improves the base Chinese parser significantly.
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Abstract

The performance of automatic speech recognition (ASR) often degrades
dramatically in noisy environments. In this paper, we present a novel use of
dictionary learning approach to normalizing the magnitude modulation spectra of
speech features so as to retain more noise-resistant and important acoustic
characteristics. To this end, we employ the K-SVD method to create sparse
representations for a common set of basis vectors that span the intrinsic temporal
structure inherent in the modulation spectra of clean training speech features. In
addition, taking into account the non-negativity property of amplitude modulation
spectrum, we utilize the nonnegative K-SVD method, paired with the nonnegative
sparse coding method, to capture more noise-robust features. All experiments were
conducted on the Aurora-2 corpus and task. The empirical evidence shows that our
methods can offer substantial improvements over the baseline NMF method.
Finally, we also integrate the proposed variants of the K-SVD method with other
well-known robustness methods like Advanced Front-End (AFE), Cepstral Mean
and Variance Normalization (CMVN) and Histogram Equalization (HEQ) to
further confirm their utility.

Keywords: Robustness, Automatic Speech Recognition, Modulation Spectrum,
Sparse Coding, Dictionary Learning.
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&4 0 0-FEE(0-Norm) H BAY 72 R UCH B Ht /s B A (Matching Pursuit, MP) (Mallat &
Zhang, 1993) ~ IEAZ UCHC B HEE B £ (Orthogonal Matching Pursuit, OMP) (Pati, Rezaiifar &
Krishnaprased, 1993) » i pifd 7 =0ER 2 7 i e T F v 72 B IR A A IR A2 FE AROR HURE R -
1-=EE(1-Norm) i RAY 2 BB i35 5K 74 (Basis Pursuit, BP) (Chen, Donoho & Saunders,
2001) DA R /N T R 4 185 15275 (LASSO) (Tibshirani, 1996) - [LhFIfeE J7724mF H AR R R
AR 8 WA R ROR G HA -

Ao 5 BRI A DR — g 7 A AR oy e i B AR v R Oy DUJE
B AR AR - FHRERZEFHEEIAN T EME - HEEAER AR
%Aﬂﬁﬂt_‘*‘ HHEAREMENE T RAR T > HAE BB 758 0 o b 2
;ILQEE%%?HYJ?¥ETTE$ MR ET 4R ASIT B ITE PSR ERSE R F & (8 IR TR B 4 1 4H
 HAS BE S0 oK Y B AR S E MV EE ZE AR - fEARm S > BM53 B T K-SVD
%%/HXEBE?EBLM&? AL EACVCEC B E RS » ARG EIRZ FEE & i SR sE R e
oy o S5—J71H > RS RS Ry & Ay IEME » BT AE MR R FIE& K-SVD ?KPEE%
R B 4w (Hoyer, 2004) 3 figg e 12 (18 s i - DAS 28 BhnE & PEal A (e b _AYREE
PEAN » BRATE SlRE - B ER 3 T A B — Lo S I R A R M R o &5 & > 40 - ﬁﬁ%?ﬂﬂﬁ”ﬁf?&iﬂ%
7£(Advanced Front-End, AFE)- % S84 1 #1{E % (Cepstral Mean and Variance Normalization,
CMVN) ~ 4zt E %A (Histogram Equalization, HEQ) » DIEGEE B L0 A M

2. AHERSTRR

TEREEHEsT Eﬁﬁfii;%%%ﬁﬁifﬁfgﬁﬂﬂlﬁ% 55— DAY 1 OB A s (M R
it (Model-based Technique) » 25 — 2 DL 35 5 15 30 5 2 W8 1Y 58 {2 M4 35§ (Feature-based
Technique) » 43 B MEAZ0T -

» DARE Y B BB s (@ M R tr =2 F /D E AR ER IR 7 8 i sE i i S SR 5T
Lﬁuﬁ*“ (oA B R BT DA DU B AR EE S VR I 28 %EJ fE IR A UT
BERYIETE » & AR A S A M DU 48 14 [B1EF A (Maximum Likelihood Linear Regression,
MLLR) ( Leggetter & Woodland, 1995) - £ KZE &% EH](Maximum a Posteriori, MAP)
(Gauvain & Lee, 1994) ~ SE{TEAI4E &7k (Parallel Model Combination, PMC) (Gales &
Young, 1996) ~ [a &2 &4 E(Vector Taylor Series, VTS) (Kim, Un & Kim, 1998) ~ #E445
B Em(Missing Feature Theory, MFT) (Van Segbroeck & Van Hamme, 2011) °

F o DEEE R AR SR (@ MR i BAE A SRR RIAYE ST > A FHEZFHY
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SEERTEETIE - IR ARV S R BB R G R RE S R A ERE S 2
BER LA (Feature Normalization) » th777% H BYFE IERLEE R EA S IV RHEUE S Hist
AR BRI EE S R R R E SO PR R T B AT RS2 8 0 BEJ7TA R RAVET
B FIFEE T {E 22 (Cepstral Mean Subtraction, CMS) (Viikki & Laurila, 1998) ~ & 5.8
F#I{E % (Cepstral Mean and Variance Normalization, CMVN) (Viikki, Bye & Laurila, 1998) ~
4r =t B % (b2 (Histogram Equalization, HEQ) (de la Torre et al., 2005) ~ {2585 15 {5 B
FEOFIR(b4E S B [ SFENRE 218K /2 (Cepstral Mean and Variance Normalization plus
Auto-regressive-moving Average Filtering, MVA) (Chen & Bilmes, 2007) °

s ESHIERLENR CEAREE S ERNARE T EEEE ST PRS- HEHR
A E R 2188 YT It H HSUERSR AT 2 A IR - et S A 2%
TEHE E AT A RSFRIRUR - IR T A G IRIB IR S IR AR S 25 A > FrAE D504
TEEIE EIRE HIRER -

BEAb » BUAGm SO FHRAHI BT 9T 2 58 & R B R (R M R lr GRIEE = » 2015) »
HEROSCHE T 2 EI R R AR o R A T I S AR A R MR © AR ER IR B AERE 7y
fiZZi£(Sparse Nonnegative Matrix Factorization, SNMF) (Hoyer, 2004)$1 % 5 JEE 25 f i F5 57
{BRIPRA] » & R B R R AE PR LI 56 S R R PR S R e A HE 04 -
BERAFIF MG ER 4RI HY U702 » I B AR ) BB L o R A MERIERY J77% - SAEHE
WFRREEE IR o B EETISRIEELS - BEF RS A 2R g TNV FEE B R
AR B S A 1R Y BB R AR R 5 50 B R B A8 B DU R B BRI oK
A ER MR REEE - DALE R ahll - HHEE el RER S UCHC M I S S (B R AV I
AR -

3. FBSFREIERUEIA

3.1 FHEHRE 2 EH N
HN BB EEEFYIxn]inE » HFESEGREROT -
X[kl = DFT(x[n]) = YN-tx[tle’ ™ +0<k< (1)
Hep o n Bk k7 B EIERS [ BLERSARR RS ] > DFT RyBaidi #E## iR (Discrete Fourier
Transform, DFT) > x[n](CRFE—4EEEFFHEEERETY > X[KAREFFHEEEF5x(n]
AYEREEAREE - (D) I HE S o] DB Z 19 s A s ) R e R R by & ah -
X [kIAHEE 5 o] 1 Ry — B A R A RE B sl 9t (E R U (Down-Sampled) 1% Y 5 22 51 5%
(HH ER SR BB R e 2 B AE HURE &) > DL %1 Bl Ry P 8 o o o (2005 ] P 91 2 3 28 M 5
(Modulation Spectrum) « FH=X(1) A%l - FEFHREX [k] 2 £ S ER BRI 5l x [n] 2 BUSEAH
ROEMERER)MERE o Fl - FTE—REE T BIERUER K 100 Hz » RIlf S s8R A
50 Hz -
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BECHN VEEWFRE TR AR - S8 7 SRS A EARR
ELbE R 2 S E R4 (Chen & Bilmes, 2007) © (i 8 50 2 (RSB IT(8Y 1Hz £
16Hz) B A 5B S W BT S A B UIRIR (% - V8 | B EeE R & - H - EERY
eI 4 Hzo HE2E15H 4 Hz 2 N\ E P Ry BURZ 885522 (Gales & Young, 1996) ;
HAEER R 4 Hz B ABORHS 28 R 2 B S S R (Kim et al., 1998) » 35
SR B BN HEE SRy g 2R EmA R - HNSER T gRE2
I - RHEERE PRSI IEREE DS S 2R THEN
%o K o FRAPTRT T 20 55 R AT ol RS 1 e 1 B TR LA M AR S B AT (o L (AR
B TR LAY G 2 S L AR 0 fE 5l oy | X (k] IR AE TR B > O ORfsr LA fir F R 88
O[k] = 2X[k]HYE ST - B2 BR 3 SR A SR S A o & B AR R AL B 45 6 RS S
7 EEfE A (Inverse Discrete Fourier Transform, IDFT)Z K AVzE S RS E 21 - 2530
SRR 98 S RES A SN IEARAL - (FRE S0 XU R A 3 A AR BRI R UCHC 2 fRE - &
H B & PR ARG A BB S R R A B G AU - DU N GG ol — Lk
RSB R R -

3.2 PSRRI TERI(L)A(Spectral Mean Normalization, SMN)
B & & R AR T S LB — B0 - B4R AT R P
=% Fs— (i B {H (Huang, Tu & Hung, 2009) :

|X[k]| = |X[k]| —Us T+ Uq 2)
FERQ@)H - X [K] B R AEHT B IRRE R R - e Fo B —FE A AV B SHEG 58 L Bl 7 2
YIME > uo R FTARISREE I SR S AR R R 5 S M T | X [k |(F 2 S i 4 i s A
AR -

3.3 &8 B 5k 2 b B 8 BB B I #H /b A (Spectral Mean and Variance
Normalization, SMVN)

b7 AR S SRR R R A oy 2 P E » th R IEAR B BEGRAESE » 2015) - RERIE

6 B2 8 P EE AR R L flr — 2y > SPHEERT - HESBIa 282 5

A BT DR FH 828 L TR -

X[K]|-us
|X1k]| = B 5y, 3)

Os

FEAG)F > puslilog By B —aE BT ERE SRR L Ry 2 I H BB R p,Blo, HFTH
SRS (I SRR R oY P B B S | K k] | (32 S B i 1 S B A S e 7 -

3.4 FEFELS T B biE(Spectral Histogram Equalization, SHE)
HI R MY (Nonlinear Transform) » 7R R EARRE R T pic 7 2 P E9 (B B8 R
TERME - SRS ) UG EE A 3 B RG 9a fE p B A B — (BRI A e B
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TEH L2 S FE Y Eh 7 (Viikki & Laurila, 1998) :
|X[k]| = Fr_e}(FX(lx[k]l)) (4)

@) T o Fx( ) Ry B — 5B Ay B 58 58 5 5l 5 [ 1Y 4% % 47 477 (Probability  Distribution
Function, PDF) » F, RIS FI A 7S ol GREE A1) 2 H8 S St 0 R TSk N 2B 1 o3 A - | X k]|
{2 HERT AR 1R Y A B SRR SR B

3.5 JrPRELER B ET IERETA

BEIT AR R R O SR B T IE R LA - BB RE A IR DA e e
PR HBHEE SR (B AL Ry 2 [F] — BBt i (Random  Variable)y A (Samples) - H i~ —{f
HEATIERERBI(E - (BB AT IR EIERE S PRk A FER SRR A A FRYE M
RIAR T LR B EA B E Y > [N Ryt 5 Y E &R RE P EAR Yy - NIE
HEHTR R ST 73 a2 THEL - F O R — (T SHEL VSR o8 (F T2
AR AR IR BT 7% > 1A T2 BE 4 0 S R {1 < S ) B AT (Ui B (Viiikkd et all,
1998) - [N Ry T (K ESR AV B T2 > Fr DAERARED o0 Y T PR B A AR > 1
PRERHVEE LRSS - S B SRRERP A AR - R SR E SRV EER
RIBEERE RIS - BUR SR IR HIERUEHIEOE - REEL A IERERY
TSR HIRBE -

4. T RN B AR )

4.1 FEBHEE

TR R AT AR E R T A o HAE BT RN I 8 5 i 2k 1 7 8
(Dictionary) » lC &5 4wt (Sparse Coding)PkisE H 5 8l 88 B [ T~ (Atoms) ; 3 H {H15
55 112 SR(Redundancy YHRER » 5 LASVEAR 21 7 2 (UL B LU R R (Tosic &
Frossard, 2011) o AH ¥ HAMh 4 07 ARy R fla 2 = E Bl 73 73 A% (Principal Component
Analysis ) ~ 43145 B 47 #7(Linear Discriminant Analysis) » 5= HEF X G HHPENEIDE
PHESAVFR M K2 FHEBERBERNZW T EEER R EENRE > DURBENE
PHEF - Frb T Sl E # e A s KN AE RIS - sSEPE R RER - BlatHE
FEFEIN S - ML TEAERFHE B IF &R ST 4Ry 7 B E M T AR
BRI a8 M BUEE S T I PR e - B - — RIS > P IER A v DU B & R R AR S
Sy Rk =REE BV TTE - SRR - HERERE K (Tosic & Frossard, 2011) (Wipf & Rao, 2004)
(Probabilistic Learning Methods) ~ [7] & 4 it i1 43 £ )% (Gersho & Gray, 1991) (Vector
Quantization or Clustering Methods) ~ Fi 7k 451 7% (Tosic & Frossard, 2011) (Particular
Construction Methods) B AR BLELE E(Wipf & Rao, 2004) » £%FIFEET H K23 %
(Sparse Bayesian Learning) 25 ik 5 B H A ek 8 DL 7 BUEEET R - (e RS RS o B ER
H£(Yaghoobi, Daudet & Davies, 2009) » f{FIFEE £ 51 [Elfm A(S 59505 - 7] DAE AR
BB [EH 2 BB i ¥ (Parametric Function){ 155 BLEL(EAL - [l (A B 4RH5ELTHE
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EBR T 44 K-SVD BLYMAharon et al., 2006) 475 Lebt 78 82 £ K-SVD &y
e m A ny e fE H H U AR s A i3 K-SVD 2 2 IE (Reconstruction Term)2-
REEHI IR A - EnEy - AT T4 R 11-K-SVD(Mukherjee, Basu & Seelamantula,
2016) » HIAREANE 2-EEE T/ (Over-smoothing) 1Y [ » HI77ARR T 12
T4 TR DU T UsOR RS » MEHIAT TR 4T BB S S B U A PR (Euclidean

Distance) °

4.2 K-SVD=FHEF*E
K-SVD B2 A2 ) Aharon FEHZ | (Aharon et al., 2006) » HARAALE 5 72 5] £ 4705
fif @ (Vector Quantization) D fz K-means i %A (Gersho & Gray, 1991) > BN EFEN
K-means (Generalized K-means);fi 5 - Aharon 57 Fy 4G R & v LISt B E 0 A 0
= #E B (0-Norm) Y[R il 1557 BUAE T DL [ A\ &L - gEMUREE A 2R &R - WE
W BE(G) |

minD'X{IlY — DX]|| i} subject to Vi - ||Xl- || 0 =To 5)

Hep Y BFIGESE - D HACEEI T - X R lAHH ERYREE IR - T —(EIFZHY
T - EREFRI GO AT IR ER R H(6) |

minp x YillX;ll , subject to ||Y — DX]| f, <e 6)
Hrel—{E4 EaV SRS A E -

£ K-SVD FHEE AR » T A8l K-means A EHrAY 7 HORMEE =(6) - £
MR AR bGP B > FAFT ] DUEE AT UCEC B Bie A D7 AT AE B AR X - 3l &8 0 =0
B PR - A B R A Ay A B X AT TT R (Element/{[E 8RN Sl AT, » #FEILIESAER X
i - BEE AT 7 B BTG B » TR JE DA B8R 77 (Column) [ & D; &y B4 JRECE 5 (Atom)
B RAEHT - BB FEFEH (Residual Matrix) By, > A120(7) » Ho i fy MEEE AR (Weight
Matrix)X fJ25 k Fll(Row) (A & ~ d, S5FBLAYES k 17 - E AEZREEEEIE DX D TEK
4HF - (Atom) 2 HEEE [m] & 1% Bidiy A {Z595% (Input Signal)Y HYZE -

E, =Y — (DX — dyx¥) @)

BERMEE T o ok THEE F AT ENREEER R 5 0 195 &MFEEN
BrEL HEHRAWTH(®) Hhx R s k 51 E E(Row vector) ; ix;{t
FEE B YA 1 1795 & (Column vector) °

o={1<i<N, x*@) #0}={ill <i<N,xk)+0} ®)

BENMAOESE  SEINIEEI TR PR EY T8 IR 2 A
(Restricted Residual Matrix) 45} B (i i1 25 B8 R 4 R BN EYY b 25— S BRI
SEREFRSEIN S AR RERERITTR Us SR ERMRMTIEA 44 B AR
KSRV BISERI IR T-(Atom) dy S 5SS — /2 4 B R By 5 TSRO SR
(Weight Vector) X* T L85 —(F4F BEEIE 4520 BE MRV » Ay - ViACE
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HHELE 1~ K-SVD LSRR x
PGSR

DO € R™K . 3 J=1-

1 ~ FEi4miESIE By (Sparse Coding Stage): A5 {1 MP ~ OMP FJs A K G,
fori=1,2,.......N
min,{lly; — Dxll3}  subject to llxlly < T,
2 ~ FHE P& E(Dictionary Update Stage):
®  EFRTH D NTHE ), - BEEAERHAYS A & X" ~ TR I
TERERITIMEESIESw, = ({1 < i< N,x*({@) # 0} ¢
o iu
E, =Y — (DX — d,x¥) »
®  EIEME A B IURE, TR BETIEE SR ROEREEY
TEFIF SVD Z3fi# KB = UAVT -
B de = uy
B = A1) vy
J=]+1
7 1~ 2 HEI

o BT ¢
update: d; = u,
X =01y ©)

SEREHY K-SVD {EVEUTEEE 1 Fk -

4.3 JEAK-SVDFHEEE L

JEE K-SVD FHERETAREMN K-SVD FEELEEEIFHEA MY - 5 B R [E —4HIHFTE X -
T8 K-SVD 5 E 450 BE A ity A\ DR R RS AR 5 HEIMAE K-SVD K g EE LA
S ST B I AT E B PRS]  Hr A Rk AR & NN-K-SVD  NN-K-SVD AT
{5ty L £~ B (Dictionary) L i 1 B8 FE e (Weight) B Ry TERY - Fit DUE 2235 09 6 7 G 55 Pl B
(Sparse Coding Stage)id » SKEFME B HY 7 A FH IE & Bih i 47 15 72 (Non-negative Sparse
Coding) (Hoyer, 2004) -
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HEE 2~ JFA K-SVD FHL R A
HarEEz:

/%\ di — {0 u;<0 , X(l) — { 0 v1(i)<0 R

u; otherwise 2 (l) otherwise

Hebu, ~ v RE  BEBSTRE SR - £ EFREL ARG RERE -
HEIK:

. Bk w 1y (O d()<0
(M <d = ;’x ’ & d@) = {d(i) otherwise
2 Loy = B L (i) = 0 x(i)<0
(2) ©ox= da'd ERAUAS x(i) otherwise

FEFEE K-SVD JEEVET » B2 J77A8 K-SVD A — - iR T e IR A By
PR > FATH AR EE(S) T — L35 - TMIER/ N PITAEIAIE A AR - gk
TRt TP ORE AT L RAYRE T(Atom) RSB HLERH > 415(1(10) °

min,|ly — Dx|| s.t. x>0 (10)

FEMG B P Bz (Sparse Coding Stage) » A5 I L 4lthe & HYFE & bt il A (NNSC) 2K
HURERE S #y 5 30 » SREETEEE x o [fI4E T B HUH f& Bz (Dictionary update stage) » F 1 {(£13/
Todi (Atom) ST &AL R IEE > ATIIAR T Z{E R IERYRE] - A5 DR -

mindk'xk”Ef" —dixk|| st dpxk =0 (11)

1T ST HE AR AR IE, R F SVD 43 ffbes RS e A g > FRPIBR A BRI BIE - 41
F—K SVD A /E A RERE S &R AIFEERCD - # MRE R ERENITER
(Element) NAZ AR B E - M AT BAIEF AR R E - FIAER ] REEE, B
fEiTdx’ » SEREIES K-SVD EHERIAERE 2 o -

4.4 ENEHTTE

4.4.1 UCECiEHE

UCECEHE(Matching Pursuit, MP) » J25 SLER 7RSS — & BoAfibi 4t (Sparse Coding )t » 3K
o B A (Weight) X (Y H RERE < HEUAME S R a2 AR - & ol A (5 5% (Input signal)
X LRJLERTH & (Residual) r - A& BH T A M EHBTTER & r IR R ARHIIR
T-(Atom) d;f% > RIITCERIAIE r BLEARRAAYIE T dAYNBREN( DR ABEREE o £ i
HEEAY ST

(af -7) (12)
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HRDE 3: IEECIEHEHERIAMP)
L g AEREE AR x ~ FHL D -
2. AR EEME o
3. HiFe#
Mingegnllx —Dallf  s.t lallp <L
4. VG B
a0 rUlEREE) < x
5. while |||, < L do
® JiEEATUER A& (Residual Vector)BHIBHAE R ARV T ©
........ pl(df - 1)l
® ETIUERIAE LU ERTRE EE (Weight)
aff] « ofi] + (df - 1)
rer—(dl-r)d;

{ « argmax;_,

6. end while

A& FRH A G SR v AN r ERAERE YR T d; BRI E o BRI AEN(13) AT
FIRYTCER AR r QLR T — AR AF R -
r=r—(d] -r)d; 13)

SEREUCECBHE BUAMIEEDE 3 4K -

4.4.2 TEXXUCECEHE
TE 3 UCH B H% (Orthogonal Matching Pursuit, OMP) - UCEL B A B 734 » TE AT UL
JBHEE(OMP) L &1 &R M 2R F IR IZ SRS B2 EXE R A R -
MEt B IEAC s B Y )72 By Gram-Schmidt [FAS{b5% » HPHE TR AEE 1 MAESE o 4
F(14) K (15)Ff7R
T (1= De(D: D)™ D" )x (14)
ar & (D" D) D' x (15)

4.4.3 FEEBFERR R A
I B B 415 (Non-Negative Sparse Coding, NNSC)ffy BE# 8 B 2 2 FAE A 5
iR 42 7 2 (Multiplicative Update Rules) GERESE » 2015) » EUH I Rty AKERE
e B TERY o SATT B TR A T e O SR I AE I L B IES - JE BRI e
T SRR (10 S 2 77 3% -
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HEDE 4 FFABIM A ARIENNSC)
H L
minA,S%IIX —AS|? + AZ S,
ij
PRAEIGRFAITN: V2 Xy ~A4;; =20 +5;; =20~ 1=0and
Viillagll =1 a; & A77/7E(column).
(1) WIHAPSEL: 2 AB B S I 55 B R IE WA ACEAS® > L o A JE[EEAYTT 1)
BHSHEALAE - WERIFESE =0 -
() REFREEME:
W ST A CGERE:
A" =AY — u(ALSt — X)(SH)T -
R EEHIRAEA FEEE R 0 B ERA TR RS R R -
I EAT = A" -
W E¥r S AEfE o 2 A IEAF i E(Multiplicative Update Rule):
St = 5tk (ATX)./(ATAS® + 1)
=t+1

. 1
mlnA'SE ”X - AS”Z + /1211 Sl]

PRAIRIE Ry Vi Xy ~ Ay 20~ S5 = 0and ¥z lag]| = 1 (16)

Hoo X Ryl AFERE © X~ S~ A RyR Bl B A ZEMEAVTT IR B2UR AR E - A B PR
BHA=0-

SRAFRFEMIe it eI E R R A BUERE S A e 0(10) » Eorp A 91T REZA R E
fiz[E & WEHFE2E =0 < EBBPIIEEEE R TOE RS A #1 S
[EER(16)FE I (Ef# - NNSC {RARUHEDE 4 FTR -

5. BEERES
5.1 FEERERHE

Aurora-2 SEBONE (S IR E (ETSI) Frédf THISHRE (Hirsch & Pearce, 2000) > LSS
ENHYRE B Rk B AR > N A2 MU S S8 H 0(Zero) E 9(Nine)R Oh 2535 % o3
SR A H2 0 S AR YRR > R/ A (R B 0l M A ST B I R AS [ R
SSUHE - i A S (P P B (S T & G (ITU) ARt Y G712 FlI MIRS = FRIEA[FIAYHE
AT R = (EDHIEAEE  Set A~ Set B Jz Set Ce Set A FREE 73 5l & A 1 T #8(Subway)
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A (Babble) ~ 755 (Car)F1JE B & 8 (Exhibition) Z PUFE fiIp M 4R EL G.712 JHIEE
Set B HYzE3% HI 47 Bl & 75 %8 B& (Restaurant) ~ £ 78 (Street) ~ f4%355 (Airport) f1 K B 15 (Train
Station)SE PUFE I MEHEEREL G712 AU ERIE 5 Set C 73 BIHIA T 3 T #(Subway) Edffy
7E (Street) T EHEL MIRS 38 55 25 o T P A EHIEEL(SNR) A 7 » £ clean~20dB -
15dB - 10dB ~ 5dB - 0dB #1-5dB - ifi H #&{t — & 3l &k 5 =X« 5205 15 5 9l 4 5 =0
(Clean-condition Training)Ei{& & &8l 4k {5 = (Multi-condition Training) o ASEFZEAYELRE
BB #E RIS BONEEE AT A st S 2 B SReE R A FIRYEE 4]
i A HIEREE C 1Y@ B B SREE R R [E] -

5.2 BEhEE

AR S B L B B T PR A A B R PG (A B (MFCO) U B SR B R 2 3 HUER R R
(Sampling Rate) % 8000Hz - 754 (Pre-Emphasis) 2 85wy 0.97 - {8 AV BT e #URy 2B
(Hamming Window) > ZHE ¥ (Frame Length)/g 25 ZF) - HHEMEH(Frame Shift) £ 10 2
o F—EEEAVREREER 13 g B ARGE | 25 12 8A% 04> ik
HEZ8s BN g =8atE - 3 39 2R E2 8 - R ERREMERIETTE - A5
FERR BRI - HSHE 13 4ERVAFRERT 2 i (Static Feature)fE{TRZHE - Ja B S plt{% 4 48
NPl Z BRI =R IA

5.3 PEERAERHE T

B AE AR AL U7 2R PR BB R R AH B (NIST) AT T I AV R FAL AR » AT IERERE
5 ) R B T B Y LR - B 02 AR IERESR(Word Accuracy Rate) 55+ » 515
T Tl L S ) ] o AL Y R e R R R R o ) B AR {E % (Substitutions) ~ 58] #8 A E #
(Insertions)FIZE/ R #(Deletions) :

N S I R AR

=0 2 =

s (R (%) YT X 100% (17)
A SWEEEE 2 JE - EEET RS YRR &S R OE NSRBI R - Kha i
ATEARLL clean BR-5 dB » FLiHERE 20dB 5] 0dB AT RER SR SRR
GERFFHUCESPIME - AR S 2 EVE R B R A I S R R AR T S B R4S R -

54 EREERER
Bt s A AN E A DA R EHRE REB(MF CO) P aZ okt I 6T s B R -
A S EEREE RAVR R PP IR BUER L - B ah B (88 REUE S BA
(CMVN) ~ &iat @ (b/AMEQ) ~ ETSI At £2 it Y # i Al I £ 4 (Advanced  Front-End
Standard, AFE) > DLREFITESRE SRS b HIRE SRV (E B8 BRI A (SMVN) -
38 > FES A EARER AR AT AP LU FRYIE R S A NME) 2 E (B2 —
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# 1. BETREEER
[Table 1. Recognition accuracy rates (%) averaged over different noise types and
different SNRs for several representative acoustic feature normalization methods.]

TR Set A Set B Set C Avg.
MFCC 54.87 48.87 63.95 54.29
SMVN 59.02 63.60 58.49 60.75
CMVN 75.93 76.76 76.82 76.44

HEQ 80.03 82.05 80.10 80.85
AFE 87.68 87.10 86.29 87.17
MFCC+NMF 67.09 70.98 68.22 68.87
CMVN+NMF 83.56 85.51 83.27 84.28
HEQ+NMF 83.84 85.88 83.70 84.63
AFE+NMF 87.74 87.65 86.32 87.42

(&l 58 Fs 0 B Bgi(Strong Baseline) » [FEIREHE 7T 774 F ATAE A BRI RAFP 511 - 40 NMF
GEESFELARRY MECC(ER i MECCHNMEF) ~ 454 CMVNGEf CMVN+NMF) - 454 HEQ(ED
it HEQ+NMF) DA K &t & AFE(GL{it AFE+NMF) » HEERGERUIZR 1 fr » & 1 BURHI%
HERHS - F—  EFULEHE THBEREIPE R B RE - HFHERENE T
B E YA TE R DB S R B R - RIEREA RO - 3R | AT AR
BRI FP YR U E R B - 41 CMVN > #IREA R RIS SR HES I ERESS(EL MFCC #E2
4] 20%) » AT FAESERE FAYIER LA SMVN BEZREEA MECC W AEFE T sk » (HiE
FHIREAIR K (EE MECC #2524 6%) » 15 A RF P HIRARRT - 55— HistEE
(BEFAERCRHES BN EERR 10 » WRESBSET oM A 82 T EAL

ELEGER DAL SR T HHHET & R RGBSR E LA RS
W 1 fr » HEQ bk CMVN % T4 4% #EXS « 55 = HHA1%4 ETSI AL FTH2tiy AFE
FHEGREA T ERLAMEEL - A RIFAIIEREGER - AT MFCC A 33%Hy#E2 » HAHEL
> HEQ ALY T%MH#ED - ff% » A [E Y] 71k 2 S AR Y 3 F & R b o i 5 50
REA ST TR T SR IERESR » £ MFCC AR ERE MR & f7 o] US55 %
HYHE (XY 14%) » 2 HYZAE CMVN RYFHESEE EALY 8% » #5552 HEQ RYFHE
BEEE AU 4% B/ DHES B AE AFE AUFRSAEE (4 0.3%AYEE) o FEAKLRE
Bt - NMF B EREEEUE 2 SERIFESE R GRIESE » 2015) -
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5.5 FAK-SVDFHER LN THEIRRL /7R
TEA/NEH » BATRAEEST T Ay K-SVD B2 VR A BT oy i~ BB - 7554
BHEE L EER N BRIV ZE 513 4 > AAmESMHE R - HirEs]/HE
AT LLECE FTE SR SRR I DL Rl - PR ARy B B R R E R FE 4 > BE
A B/ INETE B E B 5y 0 AR ST Y AR 43 BIRE By 5~ 10 K2 30 -
WMNEER B Em 2B R mE R nEs iy T T DR S E S (59% > #EILE
R EEASE - FHER AN E B R (ERS EE - 43 Bl SRPE B > DURORIEAFS EE - 723
G P B B ot 28 FH U8 & R R 2 B ) s SRR R D & Rl A BRI #  K-SVD &
BHER R PA RO SNV A RIS )P0 T DL R B2 R RE B AR P - T R BLPS BT - e
TR PFIFEETEME - HORRZ FIEE S T HLRHE o B T ARAEMIGAPE BT - g AMVE R
EAWRSEEIERE - A0 H DL—a)EE B B R B A5 51| SR s B By Al it Y RZ 5 o B C S A
BV A KIS T TEAIMEEE - fef% PR RIS RS ) Fir Y B P A2 B3 0 e ofe 1| R B 1 2058
S B R IR R SRR R AR -
#£2. fFAK-SVD LI MP FHEFEE K MFCC » CMVUN  HEQ - AFE &34

[Table 2. Recognition accuracy rates (%) for MFCC, CMVN, HEQ, and AFE
features for use in K-SVD integrated with MP method.]

TR Set A Set B Set C Avg.
MFCC+ Dict(5) 63.57 69.00 63.61 65.39
MFCC+ Dict (10) 62.82 68.61 61.50 64.31
MFCC+ Dict (30) 63.70 70.14 59.95 64.59
CMVN+ Dict (5) 82.40 84.23 83.10 83.24
CMVN+ Dict (10) 81.97 83.94 82.72 82.87
CMVN-+ Dict (30) 80.83 82.31 81.38 81.51
HEQ+ Dict (5) 81.73 84.50 82.58 82.94
HEQ-+ Dict (10) 79.96 82.82 80.85 81.21
HEQ+ Dict (30) 78.85 81.89 79.41 80.05
AFE+ Dict (5) 85.98 87.02 84.87 85.96
AFE+ Dict (10) 85.66 86.66 84.35 85.56
AFE+ Dict (30) 86.09 86.94 84.39 85.81

Agm AT Y K-SVD fEECHifEA FCKAFREERY /574 > — & MP > 55— OMP »
A HAEFAEA FRVEE SR L - 41 MFCC ~ CMVN ~ HEQ K AFE » EEREER I HIFIFER
2 KR 3 - WIRNEERHIAER > MTATURESETE - 55— th¥k 2 & 3 HYEERERIITILL
TFRIpR G SR TR 7 B R T BOE N 24 - S BBt IR RAVR N ATRE RN By 7 2
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HuzFehE e\t - B PRI SR - (AREF IR EE GG - ERE
AN - IR EZFVEE S R EOE S R B SR R o LA PR S R T R e R

0 SRS B I — L FEE S R T DMERR 2 R0 8 T i AR R R - 58
T B2k 3 AFE RN ZEAERE(S ~ 10 K 30)ATHRERAS R o AT LASEEL T HAERT 30
ELAEHERS 5 HFAUPEERIEST T 0.3% BN IIREMRA - FRVESZHIY AFE R
KR o B RS AR CEC A T IR AR o Uk B R RS Y 0 REEE T
AR IR FEE SR - 5= I DAERR 2 ~ 32 3 LhEt O M P LUK M P SKHUEEE ¥
TREEE WAV o T DASS TR BB H S B4ES 5 YL N (EH OMP SKEUHEEE MY
SR ER T HEQ R 0.42%AY IR IEREZRAN » HARFEIELEE MP BB R aB LT
4 o Y OMP KEUEER T /A E 8 RANFEFMVEE D& » [I7EAR DR T iElR
FREACKENIE EE S R BN - B ] DUIITRE S s iy 2 -
3. B K-SVD A7 OMP FREREE MFCC » CMVN + HEQ -+ AFE S/57%

[Table 3. Recognition accuracy rates (%) for MFCC, CMVN, HEQ, and AFE
features for use in K-SVD integrated with OMP method]

R Set A Set B Set C Avg.
MEFCC+ Dict(5) 65.82 71.00 65.33 67.38
MFCC+ Dict (10) 62.11 68.77 61.32 64.07
MFCC+ Dict (30) 62.02 67.10 59.78 62.97
CMVN-+ Dict (5) 83.65 85.74 84.06 84.48
CMVN-+ Dict (10) 79.54 83.95 82.67 82.05
CMVN-+ Dict (30) 83.28 85.34 83.59 84.07
HEQ+ Dict (5) 81.22 84.18 82.18 82.52
HEQ+ Dict (10) 79.11 82.29 79.99 80.47
HEQ+ Dict (30) 75.73 78.98 77.18 77.30
AFE+ Dict (5) 86.09 86.91 85.02 86.01
AFE+ Dict (10) 85.88 86.71 84.62 85.74
AFE+ Dict (30) 86.56 87.47 84.88 86.31

5.6 BENIERK-SVDFHE B AR H IR 1%

R AT B2 1 S B B AR o P 0 o MR R 5 - A R AR SR o HH PR B (B A A
ESREHIYIEE SR © 280 K-SVD LB ALEG) RIS BLRF - AR EIRY SVD Sk - i
i A By i S BT 2R (Blement) 3 (B & G A SEHT 0 B o — OF U0 A B B AT Al 5 1Y
F2iE 8 o HAEERRHVRIZIEE - Bl EA QB ok b A R AR P A R 2R 2
PRt AT RE S A R - IR RIS R AR - BB IER K-SVD FHLE TR
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e K-SVD 1£ 5 i A A B TR -

FEE K-SVD B K-SVD Hy7 Bk 7oK HUE B P FHEY 7R R AR A B IR &
Mgt dmtB s > JER K-SVD FE3KfE# H AR B I A E YR > A S0 81 DL s R ER Y
{5 FHAH & B A E RUARE R 7 L DL R R AR IR URIVEER & R IR g -
f§ ;% égﬁ#ﬁ K-SVD ZFEE frhi swtis KAEEE K MFCC » CMVN ~ HEQ ~ AFE

[Table 4. Recognition accuracy rates (%) for MFCC, CMVN, HEQ, and AFE
features for use in NN-KSVD integrated with NNSC method]

BT Set A Set B Set C Avg.
MFCC + Dict(5) 65.59 71.22 64.56 67.12
CMVN + Dict(5) 83.80 85.83 84.24 84.62
HEQ + Dict(5) 82.24 85.16 83.40 83.60
AFE + Dict(5) 87.50 88.27 86.84 87.54

HIRAER 2 AR 3 VBUHS S AR 4ETE By 5 B A RO MRS AS IR - P DAV NN B B
JEE K-SVD FHlEBEAME S E M A A EOE Ky S » BN IER K-SVD FHLAEERGER -
WTRT LABR & = (2585 - &4 > BASR 1 Ayl & A Rk IR B EE (4 : MFCC
CMVN - HEQ f AFE) » ZAf5[ ARYFES K-SVD i SRl sk iy sl s RN EL B B
By VO Re B PR A 8- MFCC HYBREREETT T 12.83%  CMVN HUMSRAIES T 8.18%
HEQ HYHFEARIET; T 2.75% ~ AFE HYHFERARIETT T 0.37% © 55— > ELiak 4 B15% 3 A6t
B EAERE S AN T > FAFIEE#EE K-SVD+OMP Bl NNK-SVD+NSC HyHFEEER » 34357
BT MFCC [#({K T 0.26%LL41 » CMVN ~ HEQ LUK AFE =FEA [ERAEIHY SR - B
FIEE K-SVD 8 {BE > Hrh CMVN {27 T 0.14% ~ HEQ #8711 1.08%  AFE 271 I
1.53% - L AR @ &% S SRR I A TR ARYIREITE - B HRRECRAY T
EAREBN - = MR ERMALE - EEEIERE 4 LUkR 1 ) MFCCHNMF -
CMVN+NMF + HEQ+NMF  AFE+CNMF » & LLE41 NMF 2 —(E{R A Foyiiess i - E
ARG LTt FHHYIE & K-SVD 128 ARFE0R CMVN DU AFE I > MHE NMF 574
£ CMVN 8 AFE 73511 0.34%LL K 0.12%HHFAE 3 o i f% > HHEE— BRI AE « 7%
RIS - S ERR VA DR M B AR S D AJE R VIR AR - S B (FAE SRS A E B
HRIMEMEAY > AR B SR S T AL IR S AVIRBIFROE T H RS R
{EFS IR -

6. &EEmELRAKEE
AR T MR AE R ERE S R R B, - R 2 SRR o A RES
AL R (MR EL R R o 2 B P SRR RSB R YA TR M A 1T B EE

SETENERT H Y - ASw S T R BB 50k - TR R K-SVD FHUEEE L
EFAT R DAREA R S B BB 2 - (84 7 HAVHER WSR2 A WHARYiE Tt - |
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b R R B (A 5 ST ) B B )2 A S e 4y - L - 55 RS (E IR Y K-SVD S i ER
Bk OTFEEIEERIRGT - P T e S a a8 B BIEEAVIES -
HARAMEIR (] K-SVD A A FTE A PSR R EEVE (F L
FERSERE BRI IT L -

FEARARE LA T - P9 el (e i ¥ MR FORFIaRE S At (HHR
{5 K-SVD JEEUAR R FARFEE R REA > B AR I S (o8 A 4 b S ER R 7 TR AR R
T A REHNIRERE T HAYIEORIE o PPt S RE B R SR B
AT IR T » IO AR B RR H EREAEE TR E KRB FHEE f
HLEJEREISEL - 5951 > WFIth A ERe B PR HEE A JE & K-SVD JEEUAR - iEpEE 5 Bt
sl SR AT R BRI © SR AERAE > PeAMI7 S RE 15 1B 5 5% 73 B (Source  Separation)
(Gemmeke et al., 201 1)y J7 BRI T A VCBCAY R - 40 0E— A EE R AE 1S 2l
7

SEZ B Reference

Aharon, M., Elad, M. & Bruckstein, A. M. (2006). The KSVD: An algorithm for designing of
overcomplete dictionaries for sparse representations. IEEE Transactions on Signal
Processing, 54, 4311-4322.

Bottou, L. (1998). Online algorithms and stochastic approximations. In D. Saad (Eds.), Online
Learning and Neural Networks. Cambridge, UK: Cambridge University Press.

Chen, C. P. & Bilmes, J. A. (2007). MVA processing of speech features. IEEE Transactions
on Audio Speech and Language Processing, 15(1), 257-270.

Chen, S. S., Donoho, D. L. & Saunders, M. A. (2001). Atomic decomposition by basis pursuit.
SIAM review, 43(1), 129-159.

de la Torre, A., Peinado, A.M., Segura, J. C., Perez-Cordoba, J. L., Benitez, M. C. & Rubio, A.
J. (2005). Histogram equalization of speech representation for robust speech recognition.
IEEE Transactions on Speech and Audio Processing, 13(3), 355-366.

Engan, K., Aase, S. O. & Husoy, J. H. (1999). Method of optimal directions for frame design.
In Proc. of IEEE International Conference of Acoustic, Speech, and Signal Processing,
5, 2443-2446.

Gales, M. J. F. & Young, S. J. (1996). Robust continuous speech recognition using parallel
model combination. IEEE Transactions on Speech and Audio Processing, 4(5), 352-359.

Gauvain, J.-L. & Lee, C.-H. (1994). Maximum a posteriori estimation for multivariate
Gaussian mixture observations of Markov chains. IEEE Transactions on Speech and
Audio Processing, 2(2), 291-298.

Gemmeke, J. F., Viratnen, T. & Hurmalainen, A. (2011). Exemplar-based sparse

representations for noise robust automatic speech recognition. IEEE Transactions on
Audio, Speech and Language Processing, 19(7), 2067-2080.



52 BRI FE

Gersho, A. & Gray, R. M. (1991). Vector qusntization and signal compression. Norwell, MA:
Kluwer Academic.

He, Y., Sun, G. & Han, J. (2015). Spectrum enhancement with sparse coding for robust speech
recognition. Journal of Digital Signal Processing, 43, 59-70.
Hirsch, H. G. & Pearce, D. (2000). The AURORA experimental framework for the

performance evaluations of speech recognition systems under noisy conditions. In Proc.
of ISCA ITRW ASR 2000, 181-188.

Hoyer, P. O. (2004). Non-negative matrix factorization with sparseness constraints. Journal of
machine learning research, 5, 1457-1469.
Huang, S. Y., Tu, W. H. & Hung, J. W. (2009). A study of sub-band modulation spectrum

compensation for robust speech recognition. In Proceeding of ROCLING
XXI:Conference on Computational Linguistics and Speech Processing, 39-52.

Kim, D. Y., Un, C. K. & Kim, N. S. (1998). Speech recognition in noisy environments using
first-order vector Taylor series. Speech Communication, 24(1), 39-49.

Leggetter , C.J. & Woodland, P.C. (1995). Maximum likelihood linear regression for speaker
adaptation of continuous density HMMs. Computer Speech Language, 9(2), 171-185.

Li, J., Deng, L., Gong, Y. & Haeb-Umbach, R. (2014). An overview of noise-robust automatic
speech recognition. IEEE/ACM Transactions on Audio, Speech and Language
Processing, 22(4), 745-7717.

Lu, C., Shi, J. & Jia, J. (2013). Online robust dictionary learning. In Proc. of IEEE Conference
on Computer Vision and Pattern Recognition (CVPR2013), 415-422.

Mairal, J., Bach, F., Ponce, J. & Sapiro, G. (2010). Online learning for matrix factorization
and sparse coding. Journal of Machine Learning Research, 11, 19-60.

Mallat, S. & Zhang, Z. (1993). Matching pursuits with time-frequency dictionaries. |IEEE
Transactions on signal processing, 41(12), 3397-3415.

Mukherjee, S., Basu, R. & Seelamantula, C. S. (2016). £ 1-K-SVD: A robust dictionary
learning algorithm with simultaneous update. Signal Processing, 123, 42-52.

Pati, Y. C., Rezaiifar, R. & Krishnaprasad, P. S. (1993). Orthogonal matching pursuit:
Recursive function approximation with applications to wavelet decomposition. In
Proceedings of Conference Record of The Twenty-Seventh Asilomar Conference on
Signals, Systems and Computers.

Tabrikian, J., Fostck, G. S. &Messer, H. (1999). Detection of environmental mismatch in a
shallow water waveguide. IEEE Transactions on Signal Processing, 47(8), 2181-2190.

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. Journal of the Royal
Statistical Society. Series B (Methodological), 58(1), 267-288.

Tosic, I. & Frossard, P. (2011). Dictionary learning. IEEE Signal Processing Magazine, 28(2),
27-38.



[/ LR B LT (2 A sk 53

Van Segbroeck, M. & Van Hamme, H. (2011). Advances in missing feature techniques for
robust large-vocabulary continuous speech recognition. IEEE Transactions on Audio,
Speech and Language Processing, 19(1), 123-137.

Viikki, O., Bye, D. & Laurila, K. (1998). A recursive feature vector normalization approach
for robust speech recognition in noise. In Proc. of ICASSP, 733-736.

Viikki, O. & Laurila, K. (1998). Cepstral domain segmental feature vector normalization for
noise robust speech recognition. Speech Communication, 25(1-3), 133-147

Wipf, D. P. & Rao, B. D. (2004). Sparse Bayesian learning for basis selection. |IEEE
Transactions on Signal Processing, 52(8), 2153-2164.

Yaghoobi, M., Daudet, L. & Davies, M. E. (2009). Parametric dictionary design for sparse
coding. IEEE Transactions on Signal Processing, 57(12), 4800-4810.
R REZE(2015) - ABHE B IBB R BEEEFT PR (E Lm0 - IE
http://etds.lib.ntnu.edu.tw/cgi-bin/gs32/gsweb.cgi/ccd=rs0dbQ/record?r1=1&h1=0
[Chang, T.-H. (2015). Several Refinements of Modulation Spectrum Factorization for
Robust Speech Recognition (Master’s thesis). Retrieved from
http://etds.lib.ntnu.edu.tw/cgi-bin/gs32/gsweb.cgi/ccd=rs0dbQ/record?r1=1&h1=0]



54



Computational Linguistics and Chinese Language Processing
Vol. 21, No. 2, December 2016, pp. 55-70 55

© The Association for Computational Linguistics and Chinese Language Processing

SV R AR LT A M SRR S S R 2 5%

Evaluation Metric-related Optimization Methods for

Mandarin Mispronunciation Detection

STREM ~ e ~ SR - MR - BE T~ BRI

Yao-Chi Hsu, Ming-Han Yang, Hsiao-Tsung Hung,

Yi-Ju Lin, Kuan-Yu Chen and Berlin Chen

T

#8555 2% 3% # H] (Mispronunciation Detection) B § 55 £% 3 22 B (Mlispronunciation
Diagnosis) B EEASEHBN 85 H Sk A —H 77 - EMseEEEE b eEE g H 4
T e CH BB ) R S R 58 T AV BD A ARG HEERE 1Y ISR 2GR Y - A UL B A
ELEWIAGE - RECTRKIER > R =85 1 1) EEECR[EIRY S5 7 B R s R 48
ROHIETERHAG S - WEERET S SR S B A BE A2 2 5 2) & B E(b
A RS 8 11 0025 I i DR 20 g M e 4k A s A R A T ) 2 B DA R 38 5 e IR
RNz 280 3) H FIEEER EERET  Hk —B0 F EEHEEE
G FRAEEAEEE - AIA R BRI N I R - — 2SI E B R L R R
SRS BN B2 BT (TS R E R R i DB BRI AV 57 2 (B8 -
BHSEEE - EASEE S T ISR - SEERSE SN - B ENRE S PR - 8 (a2
[ AR -

BTG EME AR E R TIEE A
Department of Computer Science & Information Engineering, National Taiwan Normal University
E-mail: {ychsu, mh_yang, alexhung, lin_yj, berlin} @ntnu.edu.tw
TS A R R A
Institute of Information Science, Academia Sinica
E-mail: kychen@iis.sinica.edu.tw



>0 FHER

Abstract

Mispronunciation detection and diagnosis are part and parcel of a computer
assisted pronunciation training (CAPT) system, collectively facilitating
second-language (L2) learners to pinpoint erroneous pronunciations in a given
utterance so as to improve their spoken proficiency. This thesis presents a
continuation of such a general line of research and the major contributions are
three-fold. First, we compared the performance of different pronunciation features
in mispronunciation detection. Second, we propose an effective training approach
that estimates the deep neural network based acoustic models involved in the
mispronunciation detection process by optimizing an objective directly linked to
the ultimate evaluation metric. Third, we can linearly combine two F;-score when
we consider Fj-score as final objective function. It can effectively deal with the
label imbalance problem. A series of experiments on a Mandarin mispronunciation

detection task seem to show the performance merits of the proposed methods.

Keywords: Computer Assisted Pronunciation Training, Mispronunciation
Detection, Automatic Speech Recognition, Discrimetive Training, Deep Neural
Networks.

1. #m

EIERACIFAEKES » R PRHE AR ST > SNERE T R RANIRRE 2 — - RIL RS
BEE =23 (Computer Assisted Language Learning, CALL){E¥L S E 25 E A& AT
7% HEHIEZE B EK B g HENEEE BRSNS A EBIRIOEE - 45K
FHA B TSR R RS R » S RREEEEH RS AR - B2 EE5EnY N B il TG
—f{& o TEFFZIFHERERE AN ~ BUMBL R SENBI R » FERE TR — T A
&&= (Hu, Qian, Soong & Wang, 2014) - 35 =9 1] 4y B (Listening) ~ 7 (Speaking) ~ 8
(Reading) BT (Writing) S DU ES B » of LI 0138 28 MIBRAT T 11 Lk A T B 01035
= AN - (HEE S AN E M AN R E M 2R K - AR ORI N ER
HBh 355 3| 4R (Computer Assisted Pronunciation Training, CAPT) » gt &7 | AyFiflii
1TETam °

B B 2 e 3l i T E A 2 2R EE T SNeE (Second-Language, L2)E2E#HAH
ZHIREHE T - AR TANEEEE RO TR S G R AL & 55 S BAAIRGEREY
] > FRFERSE R oS R EFR ANV ERTENER B AESNE INEEE
HRIEZE - BRSNS Y B B ER A B B R R B o RHEiE R e
HE OB - St HEEE WS E » LB EENE T E B R HF (Correct
Pronunciation) 3t 35 5 % (Mispronunciation) » 0 Y HE 1] D23 Z (Phone)[E R (Witt &
Young, 2000) ~ Z&fi(Syllable)& 2t (Zhang, Huang, Soong, Chu & Wang, 2008)¢ ] (Word)
J&ZX(Chen & Jang, 2015) « & Z 445 12 E HAV SRS H I KF o] DABTH a4 PR 38 & A T



FIE R E TR 1L 7 A a2 5 A Z T 57

fmast [El6R - 5% P P i o 8550458 5 22 (Harrison, Lau, Meng & Wang, 2008; Harrison, Lo,
Qian & Meng, 2009; Lo, Zhang & Meng, 2010; Wang & Lee, 2012; Wang & Lee, 2015) - £§
aRgs S Ry B RSB B Sl R P S —20 - B SEER SRR AT DURS R B TRONIEE 3 1Y
BEIRIUG » A REA I TSR B B 228 - AT T S EERET 0 (a $2 786 35 55 S h o]
ZRURE ? PERR S O AT R Ty R o BN S R NIV AE R S B R LAY
RRZ T LA A VUTEAE ) - A2 B8 5 (R  Z ARl HI B B3 o 0E s Ry i SR
HyFE 48 (False Rejections, FR) 5 [E2EF 45 S8R » A Ha0E Fy 38 5 (ARG By S SR Ay 132
2 (False Acceptances, FA) ; B2 F 35 1R - S48 AT 3k = IEWERE Ry IERERYHEZ (True
Acceptances, TA); B2 ZH 4 HHEER » 240K 0E Fy 38 5 $8 3R Ky (ERERYFE SR (True Rejections,
TR) o bt iy VO fe £5 A5 7] DLat B H e et Al Ay R 28 - 440 & [5] 22 (Recall) BLif £ &
(Precision) » H&F %3 H oMIAYIATT & DIZ R4S )7 2 E RaT & R4 ES TR (Hu et al,
2015; Huang, Xu, Wang & Silamu, 2015)  F&{F A 5 3 — 25 {1 F 75 [m] SR B 24 (Y B A~
¥4 —F, & & (F-Score) By 22 RI| » F, ¥ & 4F H A5 = i ¥ (Natural Language Processing,
NLP)g 2532 (Information Retrieval, IR)SF B4 f/ Bl + 55772 (5 EL e
YEIEAE R RSN SR AT H A2 (Fujino, Isozaki & Suzuki, 2008; Dembczynski, Waegeman, Cheng
& Hiillermeier, 2011; Ye, Chai, Lee & Chieu, 2012) o 1F §& 55058 2t HI{E RS S0t 5 a0 A8 A
BB 72 B 95 € 57 (Huang et al., 2015; Qian, Soong & Meng, 2010; Huang, Wang &
Abudureyimu, 2012) °

TR > AEREH PR 40 P R SRR E Hh 2R S A48 (Deep Neural Network,
DNN)HU e =i £ 157 (Gaussian Mixture Model, GMM) - 3lf £ 55 #aik (155 R HL
S ERAVHEZD (Hinton et al., 2012) - fE$E 3R 3 E e HIAYRHBEBTFE th i [A] Fo e e S 40 4 8
B BRI (i A A2 25eE B A BERE U327t (Hu et al., 2015; Qian, Meng & Soong, 2012; Hu
et al,, 2014) » FJ> EABTFEAVREE - BAPIET 8 K53 DU KA ks s St AL AR
fE(Huang et al., 2015; Hsu, Yang, Hung & Chen, 2016) % H A s U R AT HES TR BV IEUL -
A B R A R A A M R ER A R Y 2R _E PR T SR S b A (E TSR 2 -

A i SCAE 56 B A s R S e A BR BT ST S RE ATV © 55 = B R BEAY [ et
SRS E AR ERS TR HeCE IRV U705 © SR DUERRIE ST S A 58 = B3 B Al 7 A 0 e
HH AL RS S OHIF, 8 60 B R AE R E R TR R A LR E il
FiEE 7S s S el E B ik o (557 81 » PR e — 2R Am]
REAIBTZE TR

2. SURRERES

PhOER % E b O OK 2Rl gy By B R P9 i fE (Thresholding-Based) Bl £ it 77 % 25
(Classification-Based) S5 FRfE 0% o W7 722 Al 1A & 75 (8 R EARER PIRE (B 2R HIER 38 5 By IE
HESEERR » AN s S SRS e HR A E R T A O - BN
Pt (E % U705 R i (Hsu et al, 2016)$2 Hf = ff & & A W 20« W EOH DU E
(Log-Likelihood) ~ ¥} Z 1% {4 22 (Log Posterior Probability) ~ 5 3% [& [t = & (Segment
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Duration)¥f 2% S i HIZRUER A2 2 - B3 Kim {EE g b 15 BB R R Ry R B 1Y
FE N8 (Kim, Franco & Neumeyer, 1997) - Z {2 Al 2 LR ERRET R T
Wi EAFH{F GOP (Goodness of Pronunciation) (Witt & Young, 2000) » 7 %t G 5Tt
GOP %774 #E1TI4 E(Zhang et al., 2008) « (R R B FIRE(E 2 J7 /AR T f5 875 S (8 R:
Bt DL 2 M2 HH DA R A58 2R 28 2 i M 2 Fy 5 2 AF By B A S BB T i 1788 B =Xl i
(Huang et al., 2012) -

AR M s E E Aol U704 » R 2 H1(Wei, Hu, Hu & Wang, 2009)Frf2 tHiy - [z
B AL A ENVEE R E(Lee & Glass, 2012; Laborde et al., 2016)5E A [F] 73 4HE A
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[Figure 1. The flowchart of the mispronunciation detection process.|
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SRR E R I EE A RARA0E 1 P o A& Je i A R B B R el SEE 2 Wk
AR EERY > (R YNEER S H Y5 5 5B A B IE RN SO R RIS © BB A
HIVERERIE RS S AR U TR B A - SERR SNy R AR - A2
L (Kim et al., 1997)AVEI £ K B 1% R i RS {E GOP (Witt & Young, 2000) » 7,
T W RS il 5 E o GOP WYt E AT ¢

1
GOP(u,n) = mlOgP(CIu,nlou,n) M

1 P(Ounmun)P(qun)
=—1Ilo s - 2
Tun ZZ;‘EQu_nP(Ou,nW)P(q) @

~
4

1 [0)
2 10 P( u,n|Qu,n) _ (3)
Tun MaxgeQqy,n p(0unld)

Hrt GOP 2 R ELTE 0,0 HIE R E Ry o VIR IR > Horh u B n FOR56 u EEEAIHY
o EER > RERREHER (DEHREQ)  QuuEZBoE BN T RES - AILUE
EHHE R TEORBNE R » Ty BT REIEHILLERF ] (Duration) « HeffI & H
FRIVERTERARE - HREASAEOEENER > ISR S R R 8H > 050
(3) e HAD( O | Gun )& KT T 2R Qo BTG R EEE O o I AN 51 P (Oyn | un ) T
DL i B JHY SCA A 2 3 55 B) HE 17 58 1 B (2 BUS 3 BB R qua IR P 5 s™ =
{Sty Stouts s Sep ) [FIFHL AT AP 511355 22 X % 6 ST S AT RE A B ] £ B SRR T 2, © R (3)
Frat BHY GOP 7 EifE R A ad H sl L R AVEHG IR - WAAA Q)R E S FIEEN 77
8 o FMTERAE DOFIRE Z AR NEL

1

D(u,n) = 1+exp(a-GOP(wn)+B)

)

10 DOYEEAT | Fongd & al fEShaR » BEAT 0 AIFOREEF IR > PFORARAHIFIEE - 2
Ba A GOP s B R =/ - LAl R(E S8 n] Dikat BE 2R > 5 R EREK
AP - AT TR R e B E & 5 2 gt

_ (1 ifDun)=t

100G, n) = { 0 otherwise ®
TR I EE PG E - R E R A AN R 2 —(ER &Y {E - 281 GOP 28
RE TN AR B EL - BB LSt s - BN IERE =
£33 (Unsupervised Learning)fy 7% ©

FtAh EA B2 R R R S S e 4 A s e B R s ) Ry SE AR P (sl o )Y 575
VB Ry 35 iy 7y 8 R /E ¥ 305 R F (& 1% (Log Phone Posterior, LPP) (Hu et al., 2015)-
BETETT AT REOE O BHENIRRE R R Z 50 1Y - Bl GOP IYREIAMAL » il
LRI SCA A 25 8 58 A 4 17 56 1) 35 i U A5 35 FE H A 2 gy (IR B8 7 51 s (un) =
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LPP(u,n) = IOgP(Qu,nlou,n; ts te) (6)

~ ; te ( (qun)
~ te—ts+1zt=t510gp S,

o) ™

B (DEL BT R qually LPP » sCun) 58 32 q, o 155 REE 00 n I B (ERE ISP E
AREEFPAN - EFRMTE BR T rT DASESR(E A LPP B4 585 0 BUE 38 H A ML 5 YU R B
GOP #HAT - B LPP HystE M Z{KFY GOP - a1=X(3)FT & » GOP fE/r RHHBE R ATH
FRAOMUZEERSL - 1 LPP HHREH R B IS Ry AREERIER M1 -
BRSSP AR B IR RE SRR - B IMTHUGLL LPP R EHE 0 8iR - 5
kA SRR BT AR -

1
1+exp(a-LPP(u,n)+pB)

D(u,n) = (8)

4. I AREEEREE AP SER 4R

FEEZ W HERS P A 2 S H5EE AL B GOP & EBIHET | $8 stas St MRy Riche - dr A &2
Frie i = ISRIE A AE GOP {53Ml] - DLECAAE Fi 22 Fy HERIEE (5 6f(Huang et al.,
2015) » E27% Huang {f H 58T E &AL -[E 5 2E ] o fE R (Gaussian Mixture Model-Hidden
Markov Model, GMM-HMM) iR E25 Y » i {5 ] GOP #E1T$EERE% H hal] - A5
BRI TP 2 BRI S SR S B IR - I EAGR S > BAPIR E S2A 2
HE 4K 4 B - [ 5 20 FS 1] K £ BY (Deep Neural Networks-Hidden Markov Model,
DNN-HMM) - £ § R 3 E g fInT# o3 AU LPP Ry 5 0 8 BB SR BUR E# &
gl o W LA R AL 8 Ry H AR 1) =)0 B i e P R A A e AR B A Y 2 B DL
FORREI 28 - B FEERETEITAANT ¢

__ 2-Precision-Recall

F1 " Precision+Recall (9)
H o Fy Ry o] 3R B AR R f AR S AR AR AV B & T T & [ R B R m] DIRR
Precision = <402 (10)
Cp
Recall = if(’]”,f)’ (11)
H

CoTomall ST P s SR B R S I B R O ORISR e =
LIRS T T REE - NIEZER - EEENVFEE Ml RS H
[EIRF 8 Ry B R B Ry s s H AV EE (10 B (I DACAKO) LR EREE |
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F, = 2CHND (12)
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PEERIRAMIESS 3 B E EMNEE RS B AR e D()ZE B )R IE LRI 0 1Y

B > ISR E R AT B R ESE SO R L 8 D) R B () AR A Cp - BHERE £
LR N SR B B o B 2 45 SR HO)AE SR AEAI RN fy Cunp > 20X(13) -
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1) FEEA B A (Gradient Based Method)fy 28587 77 2 i pR 3 - (Rt E®=R—
{E-F- 75 (Smooth)JF, FE & - 41=X(14) :
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£(0) = 1205 (14)
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LB (15)
o1 Tt Dwn)+Cy
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(2)  FEFPERDINSRAVEERAR » FEIEE 3 fite & LPP BUAGU() S HEE IS E R
MEEE 78 > BB AR B GR)EE & 4r BE E A SRE(EIK 0 2] 1 2 f) -

(3) FEFFEQEHAVASFEE BN (15)E LA IR, S R E By B A e O 25 AR
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5. EERGER

5.1 FERBHHTIERRE

A S PR AT A 1 TR R S AR (L O R 3 L SRR (Hsiung &
Sung, 2014) » 5 B ETEREELREEIRES2)  BENTHREE - ¢
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FTHERE F

BHEEH 1 2 4 NETEG - RS BORHIET 2 R IEREEEER o BAFTR R R
FIGREE ~ SRR WF 1 -

7 1. HEEBEE LI E
[Table 1. Statistics of the Mandarin Annotated Spoken Corpus.]

AR (/NEF) FEE({RE) EEE =) i
SEICNE) | F ZHE =

" - TEHEE)
e | 6.68 44 72.846 NA
T 14.04 74 107,202 24,150
e |2 14 10 14,186 NA
A 339 18 25.900 5227
e |11 321 25 32,568 NA
JHlE\ G
S P 7.49 44 55.190 14,247

5.2 BEEATHI4R
AT RE S WA A Y T2 (0 B BISTE E i RSB it I 1Y R Gl s i 4
H PR L H —"Kaldi”(Povey et al., 2011) ; HEHVEEELL Python 12:(GEE K+ - WSH &
fE K = EE G 2 Scikit-learn”(Pedregosa et al., 2011)F1”Theano”(Bergstra et al., 2010)Z »
RO EOR BN GPGPU ERE AN RIRE - TEREFEUNR EXRMRE
{ifl & Z B GMM-HMM YR ELE A By 3 (ERREFTAH A > MRHEREEZ /D 16 (S HTE
B > AELARY L1 ISR L1 R 8 1F Rodll SR EDR R B2 I 228 - Wy AFF N1
FIEAHERHAE > BHEEER 12 4R EHRH RS - | 4EREERHEN 3 485 (pitch)FF
FUFTAHEY 5 W 16 4ERE S R U —FE 2= 25 %(Delta Coefficient) 1 — [ 7= & {58
(Acceleration Coefficient) & ik 48 4ERVFH R & ; HriEL—FEM —f& 2= 8 AEE N &
SFREE FHEUERS VA R &N -

£ DNN-HMM LRI 77 - Fo((E] ek g B (o FH 788 i pry 8 (sigmoid function) £y
W B AR AR R b e B (Softmax) B R A - iy 'R U M B AHEY
{48 (Mel-Scale Frequency Spectral Coefficients, MFSC)EU5HY ¥ 8 AE 5500 1% 1B B
Za&H(Filter Banks)FfTizE 2EHY 40 4 5 AL SE e IMERAAIER S 5 [EEE - 25 11 {3
B - SEEHES F 40 4E0VRR Zs4HAE LN 3 4 E P (Pitch) Rl © Wi 43 4B
FIEHEES I — B E 245N B 2580 Alm ARVEESREELEEE] 11 {# 129 4y
i E B B R 1,419 YAV & -

1t B B8 S PR 094 R M DL B g4 5% (Syllable Error Rate, SER)HIF 2§33
(Phone Error Rate, PER)ZRFE 1~ #13% 25 MG ETE B 5 B & 6 fENE (Free-Syllable Decoding)
BB SEAIIRE] > Prasstai 2R 18y L1 HENERTET R « 1632 2 AUHES
GER AT DB R e B S EISE AR B B R IH R B DNN-HMM BB A5 R0 KR 1 i
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i GMM-HMM 2

AL -

2. HEREE AR
[Table 2. ASR experimental results.]

63

HEIFHERAR(%) B R FHERR(%)
(syllable error rate, SER) (phone error rate, PER)
GMM-HMM 50.87 34.30
DNN-HMM 41.71 28.14

5.3 RHETTE

Z 3. ROC W IR R 3% B R AL 5 FHIE 2

[Table 3. The definition of the confusion matrix used in the mispronunciation

detection task.]

frl

SRR

(false acceptances, FA)

HI% R E T

» ZERAIREIE R3S I -

PEEAHTEAE

(false rejections, FR)

HI%E BB E 8 IR

» ZSRAIHE R s ihas -

IERERTREZ

(true acceptances, TA)

HIE EEE E S IR

» BT RS IR

IEREAIESE

(true rejections, TR)

HIE BT R

» BRI RS e he o

WEAGH LS | Bt AT > o SRR & A TURELS /(A1 3) B UIE s 2 o] LUE
IR AR T2 ¢ B0 7S [l AR B 2 FE T2 5 S T P 4 s R A B D7 =
75 (B AR ELE R FEHYRRA P - thgheF B R R A - R EsEi =0
T4 AR IS AT - IR EAMT e e 38 IE TR 3% = A M HY & [ (Recalle) ~ FEZAEE
(Precisione)#1F, [ & (F1e)HYET RT3

IEWEREZ (TA)RY(EE _ #TA

Recall; =

Precisione, =

P IERESTIES — #TA+#FR

IEHEREZ (TA)R(EE,  _ #TA

LU B IERES TAEE  #TA+#FA

2-Recalls-Precision
Flc _ C C

- Recalles+Precisione

;/\\wr .

(16)

an

(18)

1178 35 54 5 B 75 (512 (Recall ) ~ ABAEE (Precisiony, ) Bi1F, fE & (F1, ) AT R0
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IEREER(TRAV(ES _ #TR

Recallyr = G e mrmmog — #TRA#FA (19)

Precision.,. — — HEEETROEE _ _ #TR 20)
M ™ 2 B SERR A EIOES, — #TRH#FR

Fl]\/[ _ 2-RecallyyPrecisiony, @1

Recallyg+Precisiony,

TR FE R B E L B R RE(S 5 SRR (Accuracy) 5 ROC i 475 A Z 2 -
EER RS F AR NMER T SE R IR E ERAVIEE L — » RILER 5 R A [HR
FEAEEATF, R R A S SR S B B i o (56 FH Y P A A

5.4 SRR ERHIER

AEAE 5.2 /NERSOERIWI A EE A (GMM-HMM B2 DNN-HMM) - iS55 3 SRHEEI0
GOP 38O E Fye P8 & /B AR 5 WA AR SR Gl (4) B R e B (R (5) i
HIERE F S Ry IEREECEE AR » AR o S5 7R eR Y S B B (0 I BB CREF R
B R EREGE RIREEAEN) » HAER MR 4 s - i3k 4 A DUSAIEY DNN-HMM {E %y
R BSR4 GOP 3 B0l E FE 38 S A I 5 S8R B s GMIM-HMIM 22 B2 TR P o SR 3
E ORIV, S 2 B A &Y 3%0948 $ D (IERESE B ieoRIAYF, FE & 0.836 $2F 2 0.863 ;5 §f
aREs EAROHIIF, S 0.546 32712 0.579) - A2 E T ERTHEH T REE2 8 1%
kAT ZEh (Hu et al., 2015; Qian et al., 2012; Hu et al., 2014) -

4. BRI R E R B B ia R

[Table 4. Mispronunciation detection results achieved by using different acoustic
models.]

Correct pronunciation detection Mispronunciation Detection

oor Recall Precision F1 Recall | Precision F1
GMM-HMM 0.828 0.844 0.836 0.562 0.532 0.546
DNN-HMM 0.877 0.849 0.863 0.552 0.609 0.579

LRSS Z T B LS 3 iR EIEEE ZRFRERLPP)E /S
SrE W% S o GOP Bl LPP (Y5 AEF, & BRI AT (LM St IEYF fE & 0.863
P 0.854 ¢ gHEREEE R MIAYF, LR H 0.579 871 % 0.587) - HE(LEAE 0.01 Z[H] - 41
% 3 HIFEEINY LPP (YT EME RS (K GOP » [RIILEE N2 E Bl L LPP {F Fy £y
=Py
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7 5. 2 DNN-HMM B [LZE /T TR 5 7 B2 B R A PR
[Table 5. Mispronunciation detection results achieved by incorporating the
DNN-HMM acoustic model with different decision features.]

Correct pronunciation detection Mispronunciation Detection

Recall Precision F1 Recall Precision F1
GOP 0.877 0.849 0.863 0.552 0.609 0.579
LPP 0.850 0.857 0.854 0.594 0.580 0.587

Agiw SRR A £ RE Ry KA b3 B i AR Z S nl=UFIAR - B ek M E |AUET S
T AR SRR AL B R SR bR B - AT 5.2 /NERAYRE S DAL DR B B o IR i A R B AR Y
DNN-HMM » DU AE S St ERBCRA Y GOP Frig ftayas a8 > thut/s LPP
ST BIE RS T o8 WA BT ER VR S A R R E - IR PIET R R
RIFIZRIR = 281 > AE55 4 BiaTamAvF, 82 BB A S F 8 - HE24E
BN B 3% S| SR (LA h IR s F i Mt S IR R AVEL Y - RITA TR E R
HHEAGEHEAEHIERGRH] - L85 4 iRV ERAVF, R HIFR B HEICERHE R/
IERESE S eI F, FE R PUEDE -

23Y_ ¥ D(un)-H(un)

Zav(0) = 22
2O = S Dl =
Ee(e) — 2Zg:lZﬁgl(l_D(u'n))'(1_H(an)) (23)

U v a-Dn)+c

Bt BRI FI S8 o 16 By FTESE 15 BLSE R4 T IF, 1 B SR & 1 B Rk L A
i -

£(0) = ¢ Ex(0) + (1 — ¢) - Ec(8) (24)
TSP BB, b T DU EE 5 S0 o A GE S8 T4 IR AT B2 » 4011 20 DA A(EF,
P BB SE HB) S B R ST B AR ) o (B ob T DS T 285 o S S SR A S RN
GERA Y S (] 2 TR 0 % ¢ =0.8 B S5 8 S NI BRI AV BUR (P S B By
0.566 » FEREETERIF, 8 5 0.527) - (LR TFHETPIIE 0 =0.8 BRCERE - H28
0 (R I TE T 58 T ORI S B N > DR TR TR IS S 0 o FII L e 8 T Al
REE BB LR - AR 1 SER T IE RS T e S 3 S I LE B TE AP BRT 0.8 0 32
FTIEBTRES o 1T TR R L T ERPE AR P R -

FHE 2 (B ERGE S > TP ¢ =0.8 b TR AL S S MoNIaE > S 2t
S| S R [P B ) S OB (T RS P A A B 2 - 1638 6 FRIR(FIAEH, LPP FRELH ST 5
OB A S O B B RSB R R DA A (EF, R T T 52 0 B (- MFC (DF)) g 2
FEURI(HMFC (AM)) Y28 o 78 f A58 o B L B ) 22 B 5 3% (+MFC (Both)) -
2 6 T DUSS TR A T (LI P B A S 5 T MR TS 20 T LA S BB (4R -
B S AR R S 8 (FMFC (DF)) » BLEREErBR A0 LL(LPP) RIS BABEMYAET, 5 1T
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WU A AR A S B (FMFC (AM)) 1] DU B 547 AR > o [ e BT A P B Y 2 3
(+MFC (Both)) S8R i (€ B B e o o] LS IR B A SR A 2 B E i KR RS
FH I AT R AT AGHY R SRR 2 Ry il & W e (5 P asea T > 5 &8 s i A1) ] DTS 21 S 47 B3
Ho

Correct pronunciation detection (Z$fEZ£E)

—@— LPP+MFC(DF) == = Bascline

90.0%

88.0% ’\‘—../.__.\._.——.\./.‘.
o]
5 — e e e e
m? 86.0%
=

84.0%

82.0%

0.0 0.1 0.2 03 04 0.5 0.6 0.7 0.8 0.9 1.0
¢
Mispronunciation detection (Z£fE£E)
—@— LPP+MFC(DF) = — Baseline

58.0%

56.0%
o]
3
m? 54.0%
o —_—— -

52.0%

50.0%

0.0 0.1 02 03 04 0.5 06 07 08 0.9 1.0

8 2. T ¢ TR REELIZ EFIRHIZHE

[Figure 2. Mispronunciation detection results on the development set with
different threshold values ¢.]
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7 6. ZFELPP ZAAL F1 BEE FIFINFFT IR E I & 18RI
[Table 6. Mispronunciation detection results achieved by using LPP features
with/without MFC training.|

Correct pronunciation detection Mispronunciation detection

Recall | Precision F1 Recall | Precision F1
LPP 0.850 0.857 0.854 0.594 0.580 0.587
+MFC (DF) 0.863 0.866 0.865 0.617 0.611 0.614
+MFC (AM) 0.906 0.870 0.888 0.612 0.694 0.650
+MFC (Both) 0.907 0.871 0.889 0.613 0.697 0.652

6. GEmEIRIKRE

ARG AL B B 5 5 J| SR SRR S AL - N0 DU FE BB ER S S AR IARE
FHET SNV EE - ENBEEEENHTE > RO AU SRR EE
H R BOE TR A SR IR VB TIHY - LRI (A 2 B S wE s Pk e -+ oy
EAPTRVED T — SR e R ST > VU S SRR SR A - R EERGE R 1]
PASEER DU A ABF, L8 Ry H AR A SR ek B s SRR R S BUE TR & 2R IR
HOR] DAERCR EASEHRT T - L H SRR SO T B AP IR S NENZRA] -
HIUF, EEE R B EETIISAEA RORHE T AL T USRS - R IR IR
TR 7 g (8] o A AR B SR B 5% Z Al R IR B - FERFEEVEL 7Y - T
SEHEA R A FE A IR 2% 5 R i A B PR s B BRI BOR s BRTE ) feisa
AYER ST BR TR PR S0 Ay R BB RIS - S FREIRE 55 2 M 3 AT (52 ] Y 5 AR o 7%
R > Pl — L EE B S HRE B iR s o A F S S TR AR % -

6

KR Z WHFEREEBE ES - B0 2B Al 2R [ THR R ER 51 (104-2911-1-003-301)
T B bR R R OB OWF 9% 5F & (MOST  104-2221-E-003-018-MY3  fil  MOST
105-2221-E-003-018-MY3) 7 £&8 & 7 5 » 32 L ELEH -
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Character-Level Linguistic Features Extraction for

Text-to-Speech System

BRER" ~ BEE - BUTH" ~ T4

Kuan-Hung Chen, Shu-Han Liao, Yuan-Fu Liao and Yih-Ru Wang

T

B RAVEE S UGS BB B S i RASE SN 77 EEny SRS ED 2 MR N H 28
sn=p= 1 (Natural Language Processing > NLP) > BI{s F parser 57325 - {HiZ
parser 3¢ at R B A T RrB e A REET ?ﬁuﬁiﬁ*ﬁﬁﬁu?—ﬁ%lﬁ HEIT
L — 1 end-to-end HYFEE G A4 0 f£E VA T HRMSH F T E ek
(character-level)fy word2vec i S &S 4 - E%Hﬂm)\%rﬁﬂﬁ%iﬁﬁzﬁi
JE A B E HGEE S AR SUIREHE « s IR — R LA EE & B R A4
HIEIL AL > SEE AN ERMAE SRR - MR E 0y nrELL 4 E A
parser {7 A BEEFAYIERE

Abstract

High quality linguistic features is the key to the success of speech synthesis.
Traditional linguistic feature extraction methods are usually relied on a word-level
natural language processing (NLP) parser. Since, a good parser requires a lot of
feature engineering to build, it is usually a genral-purpose one and often not
specially designed for speech synthesis. To avoid these difficulties, we propose to
replace the conventional NLP parser by a character embedding and a chacter-level
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recurrent neural network language model (RNNLM) module to directly convert
input character sequences, character-by-character, into latent linguistic feature
vectors. Experimental results on Chinese-English speech synthesis system showed
that the proposed approach achieved comparable performance with transitional
NLP parser-based methods.

BRS¢ shE ARk SRERE. ~ TR E IR A AR RE S A
Keywords: Speech Synthesis ~ Linguistic Features ~ Word2vec ~ RNNLM

1. &

FEREE AP AR 3 B RIS A 1) 59 BRSO 53 07 (5 2R3 2 P SR 5 2 (3
M) - HLeP AR SOA ST 8O0 IERYE - B (word segmentation) ~ part
of speech(POS) B EBUHHSCA ST » A FE LB RUAIGE S AR OIS % - )
A14E F SCHEEF £ B 3 P 5 (Conditional Random - Fields - CRF) i
POS 53T - S3— 7 EAE IR T 5P — R B 5 1B SR ST L R 5 1 5
SRR B - MR B S BB RS B A R Y E R - R R
THERR S SIS G E2A - TSI S » ERTERUA LA A SRR, -

XA ) EEEH RHE
SCARTIAT - | BEGK .

B 1. 5 TTS AR EE
[Figure 1. The tranditional two-stage TTS approach]

FEL 0 TR EZ(HH NLP [ parser(The Stanford Natural Language
Processing Group, 2015) - {f [ parser A4 iz /& 48 i 6 = 5L 52 ek T 0 ETsa sE A LR 58
BRI SRR NGE MRS - (B ZE I ERER N > FEAREHEALE
SEHVERHE DA R B o st VT sa R 2 B - P DATRAPTi8 o R RE (AR ety - A B P
B G RCRIFR K ARE ST « BRI EAEEE A @R PR [EIRVEEE N BT RE & HE— a4 R
—EIEEE T EEBURES N FEE o FrLUR TR IS SR o IR R R RS
HE L2 E G5 —(EFohE T T BRI A o B IR M ATE RS E R R & S5
TR ) POS #5E » M@ —(EF—(EF3E Mm% » AR FE BRI AR LB g
72 s o ATDARRAMBE A BE B — (BT AR AAERIREAVIRHE — 1% - FIF A B TEtt
W BEAY T = W (i parser (TSR POS s INIRE - DIIEER 24 KEGEES R
HAIEES -

HTHAR - JAMEL4ERS (DNNSs) (Licstar, 2013)(1£ NLP J5 HIA BB IS - FRHITR
LU AESHEA R H DNNs mJDUE T SE4F Ry - IF H 2238 K S /A
HISCAERE » Py DABS I (5 TR AR AR Y 7 A RE S A ek POS 5t 12 JHAVEE S EL
2 B1 3% 5T T %2 (feature engineering) ; 540 (Greff, Srivastava, Koutnik, Steunebrink, &
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Schmidhuber, 2015)(s FH LA 7T F JE sk V5 = 8 AEAREIAVPERE T & EEn-gram 5L/ -
7 LR SRR S kR - DAt e Bm B BT A E AR ER - RS0
A ZERSHVEEE TS ISR > BT A SCRYEEEE BRI - 1E
EEN TS LT IT BRI E B T AT AW R > 872 (Zheng, Chen & Xu, 2013) 1 52
i 91 POS FEEEMY AR B E g DL (Ding, Xie, Yan, & Zhang, 2015)5% i A1 &G HEC R
A A e S A B (BLSTM) L B 1 o SCHRUNER 28 SR AV et > B Lt SR # a6 1 H
DNNs /2 #5505 R EL 347 CRF 3 85 {DLEE 22 5 {8 B YRR

FEIEIE 2 5 ] DNNs &S A SERRAIFTZE T > IFVERRE A v LU R EIR A 4K
MR AR AR DNN > SR m] DU AR TR th S fR S s VTR 50 POS
Fr# 28 1R AR RE R AT H Y - F M7 2 EE 5 T 4 (character-level) 52
FRAERATE D) > RS EE LG R BIT - Rl AR B PAF e R BAL > F4E48 parser
filras ~ SREMEFREE - 27T —(EF T B R AR R I El
H SRR B R EEEET O RAREIREERR T - BEIEE YT 2 HERE
AURHESRE (5 © BT AR E AR L SRy 7 (A B ZE G T AT RSO T IT o
AFITRER  SOEM B ERE SRR S+ 55— 5 R R At S B i F T T R IR
o H RIS AT AE R ISR P AYRER - MEM N —IRRE T RE Ryl > A& 0 A H R el Jed 1
Bl R TT AR R T L R T R R IR PP eV E (F TR IR R SOIRERE. » At —
RIEATREREA IR AR A ST 5ER > B EHERCOIRENE - MHRE 5 2R REHE Y
AREM: -

2. G URER S BRI 7A

— RO T SCARER S 2B A SCAKE Y parser fiErEa ~§T POS~ L B AN L VI EEER -
R E AN SRRy - Fr A B A SRR S B e 2 B ZRE RIS ] - 10 parser 1£
SRS Py B R B AT

FERES B b s RSB I E A T B S A RE RN B IR NS B RSO CA T
{1 B 5 (word) BIE — (W5 > BAse R - il HEE R EE Lz g #l&Els - ER2AE
AR G 2 e G 22 A EUR R © RIEEE S NLP o> By 7SR B S
RES0 53 W SOAS TP 3% > bR e IR MR RS 5] PR BR 2 > 4 REHE — D S fee LI AHRR V0% -
PlantsesEieg - B R B - SBE 0 - SEE RIS > Ryltb e B S5 2 i
H - e es L lE A CRE BERE ASCA » B4k CRE S A Ry—1- 0 A B iy
TS RETE > G AR RIS RG2S B AT BN R - (e
BRSO ST ISR R EEE - B DU AR5 09 S5 SRR M A A R - A0k
5 P Sl SR Y (R (RIS B A R DR o] LA IR (G A S - 2010) - & A TR EIfE Al — M 4R
PRy CRF ZC2E i B AR b SCT5e] - 405R 53 1 Y e B AH S e AR S e R 3l A [ -
i AR A - TR o A A
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aA LT (Part Of Speech Tagging){E NLP rr 2 — KGR - —f% parser ghal & TET
581 POS Tagging W4y > N7 @ el P PEART: - el At s e B i E 1y
J7 A AT R R Y A E RS TSR ke B S (E R R e~ B
S B RIGESES - BT SRR TT LA R (Brill, 1992) KLY POS AEEEEAY fE BEAR ANl » (23]
PRGNSR E N EE A ENHEE L > BEREEE B S TARSHEEAGEER
> MEAEM TG EHEE - BN AERENS SRR RLEE S
PERR - (HEEI BN SHAESE S - ERERHEEET R AR HE S SRR E
AR T N TR SE R A TSR SEERHE > A LRI CRF EEHIMFFIK
HHERFIR = M ASERHEANE o SIS T DL RIMHRBIRST - Flan(E KT
2002) 132 parser ZB5% » NSCERES T 8%at parser B FH AV E GBS R AR R > FIREECEEH
i — e -

£ NLP s {sE A parser 2IEH RN - B9 = parser e 2 A 50945 R > (=
AR SUERLRAIA AR - AR EEBTEEENE RARSE( > FEREE LT
REIER > L BEMSE N TR RBEFHETFTA TR IR MBZE B A kE
SLRRE -

3. FILIE R SURER S BT A SR T SRR

FERT— R AT 2 AR E R R GE S R R g B EIAV R - AR PIA ZEREE A
R BT B EE ST R B B U5 (unsupervised learning) Sieal[ R e ST AL AiEs - 22 1466
AL A Es B EHERE SR parser - FEiE B0 T PRI A DL TT R f 4R e a)11 4
T AR E R BRATE LAY HAY « £ F T B MR AL AP PR ] word2vece A SUAHEF T 7T
WEEEELOEAEOE  FoT L FRIRHT IR RE (BT R i aC g g - fSHUTTT
FERITPHLRREAR E(ER PR (4 & 15 2] 7o B M B T iR REHY SRR EL

3.1 WAR&GHRE
By T EERIATFTTE S Rl AR H Y > BAFIEET 55— (ERT R - i parser B U4 -
TEHEEHFICER » SOEATCEENAIA word2vee KELE - FrIThFEIATE & A H]
RNNLM FHEL > SR PR — (B SCAREHE 2 B2 ies B T8 R R A AR
A > ERERE EE AP F T e AR e H Rt BE BB 47 parser HYRTREE © LUN Ry %
G 2Rt LR HT AR TSR B -

B B 2 REFIHHEES BRGNS - R OB IR - SO 5
R FATE S S - B0 A5 B 4y HL R e B 3% (T B B 5 Y AR, R S —
HPFEAREIE - B EE R o WOTEBIHYHTE0G parser 24 > DL word2vec Ei
RNNLM i > %2 word2vec B2 RNNLM SKEUFITEEE ~ SOEA &S T IThE
AT R &R E (F RS - DLE R EES -
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TR
LA & X HEHBE HETEHBA
D -

B 2. ¥raEE &k RS
[Figure 2. The proposed character-based TTS apporach]

3.2 FILRERENUEAB M 2 SRS AN

SCEFBREILL R NLP fE8dR At 5 p — B2 IR Ay — &0y « Hor word2vec 5%
HyETam AR PRI Fs 58 P E RE S A Y seliE 3 [m) & 22 ] E TR - ot el DA
BTE R EZE /T ARV A S B R U R g R A E B MR A o 2R
TAHRER BB BCUE A MO EIVEE ST - T H BT 4S E EaT EA E R L As 58
RHEBGETHIS - EIEE A IR Z B A TAEEAYR -

Word2vec /& Google /A FJAE 2013 HF Bl i Y — H B F 140 58] m] E VRS LA - EARE
GHERRERHEE - S B LIRS R PR A R —EFE R ER R ER . il
Zu A1 HE CBOW/(Continuous Bag-Of-Words Model)F1 Skip-gram- & 3 £ word2vec A% »
JefElE -

INPUT PROJECTION OUTPUT INPUT PROJECTION OuTPUT
wi(t-2) w(t-2)
SUM
wi(t-1) wi(t-1)
w e [
w(t+1) w(t+1)
w(t+2) w(t+2)

B 3. word2vec ZefEE
[Figure 3. The continuous bag of word (CBOW) and Skip-gram

word2vec models]
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CBOW &I AT DABRfgE By LA b SO E & Airee HERATHE > £ CBOW I » R
ST B EE S E A AR B R B S — Y - LR CBOW 5 « IfE L3 1
HYgE » B EE R AHTEE gL PT AT B EUH Y R IE 7 2 R B 220 - SKip-gram 578
Bl CBOW AU TESFAERZ » Skip-gram 57 (5 A & Aif Ay &al 1) & AR TROAIEZ 56 2 Rl 2 12 % K
{EEE AR - FEEEE A1 aa) ez i EE R & R e A A B Ea U AR BE PR N - AR DAR DAGE Tigtt
S8 DI NIYREEE o SR N A H] LL£:BE (Mikolov, Sutskever, Chen, Corrado & Dean, 2013)zd
B R A AT - RSO HRE] word2vec FR{E—{E B B RE DL K IR H i B AVEISR T =X
HES AR BT 22 B A M AR sE U AHRA 1 -

R AR A word2vee FVRHYE - A By - =) S 22 [ - W T3 08 e e
THIFEEEAA—IE - 2 1 BIFE—AIEE S+ > FIH word2vec 734t Chinese Gigaword
FERHEERYAE SR T T DUE L classl & Al E #or B35 ¥R &S Ay Sa I AE YR 26 - class2
FEARES E BV 53 (£ —E > class3 Rl 2 U Ui S8 B ST —ite > classb 2 EH (H i & B AL »
class7 JZiKisE AT 7 £ —itE - 1] class4 Eil class6 73l /2 dssBM HEE - HAIERES & H M
—H > T AR T A R A E 2 R AT - T LA R T ITRE R ~ FTUAA
EE B -

Z 1. #Hj character embedding ZE4£TFZ 545

[Table 1. Experimental results of character embedding-based character clustering ]

Class Characters
M M T BR  AC 0% 0B BE SRR T - 8 k- B
1 il ~ figr o~ filg B B R B & BE B B B BE B2 R R
g~ G - R - RED R MBS N MR s 8RB
2 A~ AT A A AR A M Al A B
3 oW E BRI E- R wmE R E
EEREC AR AN ARS RS- B =R TR
A Peanuts ~ Pentavision ~ Peranakan ~ percussion ~ Perfectv ~ Persona ~ phantasy -

Phantom ~ Phoenix ~ Pick

5 @~ k-FT BB oBEH-FE BB 85k 88

DTS OPB XL NI DN T~ AN)FT AT
— A~ bag—7~Fa—-r)TN

7 M~ W~ 52~ TE S I~ O ~ DR~ OGS 0~ O~ 0 IR~ OB B0 B

Ry word2vec ‘& Fia)l| 4 SR Y o7 [m] 8 22 R AR A R 2 S N JE M - 17 B AE AR Al R L 2R Y

FREETHR - BB B - FTLUEE B2 AU E4R parser AIEERZAT

1Ay -

6
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3.3 FITRFAARRR Z SCHRER B Y

TERHEHAVF IR - A R SR P 1S - T AE & At ) R AR AE - SR
BB CEEIARES » AT LA IS A TR T AT RE Fofr] « B T 5e RS TIRE » R A fiIAC 4 % (RNN)
AT RER (A $EAYEERE - fAn(Mikolov & Zweig, 2012)£L7Y RNNLM R SCHHEE M RIS
i (o8 P A0 A e A A A 2R AT T | R BB L B i L Y i o T BB (S R R )
HIIRRE -

AIELL Mikolov £ Y RNNLM AT » BRI =UBES 4 B 2 A g (input
layer) - [&j& /& (hidden layer) ~ &g H & (output layer)f12E A& (class layer) - iU~V ~ W
1 C R @R - wt) Rl A - tIRIFREIBFER R By L ET N - H72 RNN AYREEE - s(t) fsfz
el o i 72 A A8 T (neurons) (B 7 /2 1Y state - y(t) Ryl 7 Bl AR 4E1E < 1M c(t)
R¥5AIE - Mikolov H i H feg o fifg v DARRREE S 1A TR Y AR AR - (SE3I SRR R
= © & 4 5 Mikolov it (17 RNNLM 224 -

wit) y(t)
s(t) next word
last word u v
—
—
—
X
e
dt)
s(t-1)

& 4. Mikolov Z¢ £#7RNNLM Z2fE
[Figure 4. The block diagram of the RNNLM model.]

IR A AR i RHYIEESAERY - AT DAEIESS o BOF A AT _ESCGREARTEM T — {5 -
GHEHEHER A E—ICE n (87 > HEETEAT n 52 F0H T~ —(E5 > fEAGER RNN
e —EARRRE R B AN - FERE FRHEUCR E R 2R AR t-1 R 2 H RS
JEEn i R A > B RNN BARHIECIRAE T - set S E Bl R I R S RS -
EEITE S A -

% 2 RBIME—RIEESET - FIH Chinese Gigaword FAiEHEHET RNNLM 235 5 T}
Fel (U455 > FMTAT LLEEEE RNNLM 18RI 7E 4 HRAY &) A EAERE . - IR - =%
T UG P T 5 B SRR AT — T Y S
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2./ RNNLM E4£ 4]

[Table 2. Experimental results on RNNLM-based sentences generation.]
IF A 7 1 il

EREENERR MMALIEE L LU A o] £F H K
1 6y B 77 .

Foward | e 55 & X fE ik % Z R B B E M B R oR B
AHWRERITIZEZREEHFERARAMLEG,. G F
R REBHEBAER 2N ZF.
-‘1%’%:% v BB 3 BE OBE E R H OB Ry B Sk BB

—
Mfliﬁﬁﬁﬁﬂi,%%%%é
Backward | s ¢ ®E 3818 L, B4 |+ 7 & 13 £
7 85, ®5 95.591 DL & Hi A Hf 10.
KL gL E R E

DRI L E FE RNNLLM B M AR ST A » BT AR BT DA R 2 BT B ) T A — £y
FEE T A R o R R I A AR B S S R T A IS R (% 0 FTLASE
ST R (RSB A IARAS o TS I B4R SO AT S S O DRI ERPIF EL
FER MR E ot F B BT ENA -

4. EERGERELT

AERT EE’JE%T@‘EH%%E%EEW"”)ZHWJG?E% parser (BT - POS Eall - SRR LM

ARG - RAGE S B A GHGE S » W HLEGT7X parser (ELEL » Hr AL 8 %

Gy 2=l A A SRR E R E] %”f%%@ﬁﬁﬁ parser ARSI > TR B SR T

&Ry word2vec 8L RNNLM S& 53 AT SCA » By sRELAE - 5 B8 A0 B (60 P o SRR A

A SREE AR IE R B - MM E LA B E A SRS 2R - B a R

BHE SRR 2 A W SRENRTED 77 S & B A A ELRY B iR B B[Rl — HJeE LR A
TR A R AR 35 R R 80 P £ e 0 70 UK

4.1 BEREE

411 R

WPIEFHAIISREER - SRGER S hIRMH BRI AR SR G G FEREA NTUT

Audiobook Corpus Vol.2" - £ JEFERHE th 155 R 8k F B R M BB RE R - Fra

FIEE AR T iy - RS DEE BEARSE - (REEE R ZREIHVHEEEE - Bk

et R FL rp 25 il U 52 280 g S A i 160 )Rk - il Y A7 B AR 4R
sErtE o o R 3 Rl SREERI BRI -
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[Table 3. Statistics of the speech corpus for speech synthesis experiments.]

S RHICHEERLCE | MG
SRR | AR AT B 4 bk cMU
T ECEEE) | (PR
Bl B 7 4800 4 47 3500 45 7990 4
R 2035 3 10-30 3 5-15 Bl
ST 4] 172 535 ) 201 44 4179 44l

4.1.2 XHRERE KRBT /AR E

¥ R A HARTRCCAR S AR E > RAITEE S &K £ 4t (HMM-based Speech
Synthesis System > HTS)AJEEE » W& SERAHE 8 ARG SCREREM AR parser 25347
XA RS SARERE IR LB parser FEAEMVERN - o T C/@4y word2vec
RNNLM 24534 > $-AFTF word2vec 7 TR fHRL 64 5 > RNNLM (S /gss 256 4 - f
FybEiE g T &EE neurons HYARREEE E P (threshold)fis & LAk 0 B¢ 1 - fERTRESE I
M EwA G HETEE R POS BYIHE - A& II{EH word2vec A1 RNNLM FEAHIH#HE >
IMBTETLHTH SRS - 3% 4 BB AL A AEE S RE. HPhE ARG Pal et
BE 7 o AR FRAT T 2o B e R IR B I A S o R BE 525 43 B word2vec B RNNLM 11y
nfaness Il

KA B TTS RTAIFREL I SN S 2

[Table 4. Comparison of linguistic features used by the traditional and the proposed
speech synthesis approaches.]

HAE SRR HZREE SR
# Z(PHONE) HEAEFETRME HEAFETRMIE
HHI(SYLLABLE) HEHE PRI E X
a1 (WORD) HETEE  TEREE I X
i 5H(CLAUSE) 8 AT HRE 5] E
] F(UTTERANCE) MEEHE - EEETENE | EEEERE - EEETEUE
B (PARAGRAPH) HFHIEE ARV E
WORD2VEC J5j] X FICAEB
RNNLM X FILIETFT AT ENE 7
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4.13 EEEEREE

AR BRSBTS R A H A" NTUT Audiobook Corpus Vol.2” ZERIFI HTS &
B B SR R SRS S 2 R 4 — (A X-SAMPA 45 R B AE o fE 3| GREE T A R
RUNS - P $f 0 B By 48KHz » BB PPN 34 4Ei B EIHEE A B (MFCCs) » & 3 (pitch)
ImEE 5 2% 25 2 R—FHE(frame) &5 - Fei% &H(EF Z (phone) FM{E ] 5 {ERAE
(state)ry HMMs 22148 -

4.2 FHETGE
ZS RIS T R AR parser VEE S & R A& B MHe Hi {8 oo fs /g s kT
FAVHTEE S G ARG LT - P IS BRI ~ B 2R ] B AR e Ah 5 =0
HBERIENETESS 10 fir DABREE Ry RESERY N LHETTE 00 e A SR ar OHEt fy 2 288 1 055
FfE AIBIXCHIER » RFAE & B4 5 THES 2485100 SR8 FE{E 7 B (mean opinion
score, MOS) sl » HFFI3 705 1~5 73 « & 5 FyAlsl S E -

5. WA FHERE

[Table 5. Statistics of the synthesized speech database for

all evaluation experiments]

NTUT Audiobook Corpus Vol.2

Pl SEi) 3 SIS 3
HaHH 60 4] 40 4J
R 10 {i 20 (i

FRTH 10-20 ¢ 10-20 ¢

4.3 BEBER

5 BlE 6 735l R ES A SRR &l FR S B AR AR AR (DU ~ B 2R B o] B AR (R A A LD
B0 6 B13 7 Q0 B Rl B A SRR A0 TP S SE A Y 8 MOS 3 8 ELEL - FEEL R
YFER Y FERERAS IR R HAM AT LASE R - FEE 5 BifE 6 P AEBAEMADE - BB aE
FRIEARTE » REVTHEEREH R4 - MHER 6 KEH ASNE T tLESZEET G
SRR B T TR E BB (B E VS - EAER 7 oy lisl o BoE A 8 24057
BENAKR - PP AR W & KA E - RaEMEI KB vl DL IR =T JE 4k
(character-level)ify word2vec 2 RNNLM FREU{E4T parser #E1TCkER EREEY » BE&EH
HHE AT N -
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8 (word-level) ®f(character-level)

HEE BT 70%

=Eidi 4= T0%

0% 10% 20% 30% 40 50% G0% T0% B0 90% 100%

B 5. ¥rERTHF I LLE
[Figure 5. Experimental results of the A/B/X preference test on
pure Chinese sentence synthesis]

t=1

B (word-level) ®#f(character-level)

aEREER 54%
E=) 58%
B 62%
0 10 20 30 40 50 0% 70 80 90! 100

[ 6. BrE R T EIGE LR

[Figure 6. Experimental results of the A/B/X preference test on
mixed Chinese-English sentence synthesis]
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6. B RH T E MOS TH 7 BIILE
[Table 6. Comparison of the MOS scores of the conventional and the
proposed approaches on pure Chinese sentence synthesis]

ahirpsr BFREE B R HRE B GRS
H Ay 3.09 3.44
MRSy 3.25 3.38
AR R oy 4.27 4.27

H 1. BRI IRE S MOS ZH 7 BILE
[Table 7. Comparison of the MOS scores of the conventional and the
proposed approaches on mixed Chinese-English sentence synthesis]

B BB SR AR =R
EIZARERET) 3.26 3.22
MR 3.26 3.36
AR ST ) 3.24 3.24

4.4 BT

HEARERE TR AGABIES 3 BZ 0y fETHE LAY TTS SRR Z K 4 /7 LA L - BEEE
A ERAFRIERZRSG » FPEESBEEREHE » [SHENT TR SRR B EEE
Bk ERFTHY o SRR G E AR - ZA R E4E parser ~ POS 2 AT
sty HEHEOSE ERMAA —EgEkne MM RS A5 A TiEt - %
o 5 CIEEERNE P EE A TRtk - NI RE SR ARIVE Z & ELEURE © A BEEF 3K
FEMIEL T W& 7 BEEEEA A 0 AT RE/Z RNNLM fE S ey 50 a) 18070 /b > i A&
ABAFHIFITIE A THIRRE - N RSB A RS E A LLRUr I - EEATIE R
25 BB A A L B SRR ARG H Y FLL Ay - HIEEEEr ARl R R TR R
RS ASRET -

5. &im

AT - PP — B S SR SO M e » R AR DR By B AL SR EUCCRE
BHYTTE - B R LA T I Ry R B BT » Y word2vec SREUFITHYE BB ESOE A 48
FIFIF RNNLM 55T AE A HIRER - PUSTE T A AES0 B il - POS FREAE A
TARGERREAYEES T B R SR e T EVE T A S R AR B AR R
Fit EARAPT B Y - 7T e 8 9 SRR RS RS VA B B RE 2 B B & 22 (B 48 77 =UAY B

& -
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(Mandarin Meeting Recording Corpus, MMRC)ZTT T — 251 E s - FHEfEIR
HWNERERALL - FisERE R TR EN A2 A RE -

BRSEEE : ZEHEE > REEE - B o i e

Abstract

This paper sets out to explore the use of multi-task learning (MTL) techniques for
more accurate estimation of the parameters involved in neural network based
acoustic models, so as to improve the accuracy of meeting speech recognition. Our
main contributions are two-fold. First, we conduct an empirical study to leverage
various auxiliary tasks to enhance the performance of multi-task learning on
meeting speech recognition. Furthermore, we also study the synergy effect of
combing multi-task learning with disparate acoustic models, such as deep neural
network (DNN) and convolutional neural network (CNN) based acoustic models,
with the expectation to increase the generalization ability of acoustic modeling.
Second, since the way to modulate the contribution (weights) of different auxiliary
tasks during acoustic model training is far from optimal and actually a matter of
heuristic judgment, we thus propose a simple model adaptation method to alleviate
such a problem. A series of experiments have been carried out on the Mandarin
meeting recording (MMRC) corpora, which seem to reveal the effectiveness of our

proposed methods in relation to several existing baselines.

Keywords: Multi-Task Learning, Deep Learning, Neural Network, Meeting
Speech Recognition.

1. &m

CIEE s A B 2 Rl 5 2R # @ 720 AT DITHI E 2 A B T2 B e
MIREZENGHE T - AANHFEK > BEEEE PRI EE) /358 - I HOES T
ERAIRCY) « TEWFEVIIA - s Hiaskas H AE (R LAV ER SR th 3 ! — (I BB Eal 4 - 1980
FEA LS RE SR -FE 5 =0UE v e fE R (Gaussian Mixture Model-Hidden Markov Model,
GMM-HMM) it £y B B2 455 U (515 55 2 Wh 38 A BE ) (T KA 2GR F ik - IR
GMM-HMM Y214 55 17~ 3l SR RS TR AE T TR ER RS » IR R 2T — 42K GMM-HMM 2 5 8
FEE W Y RS A BRI I 2T T AR R DS AR A S R B S
FEN B GMM-HMM - B a5 1 2R BB B2 (State Tying) (Young & Woodland, 1993)
#2 51| = 3| 4% (Discriminative Training) (Povey, 2004)E5 £ A AH DL 48 14 8 & (Maximum
Likelihood Linear Transformation, MLLT) (Gales, 1998) - £ GMM-HMM f& 7] 3 iz

HIBFHAA - WP MR R T R ERVEEER L » AAMANSH —E)77A T LUE
GMM-HMM Jifi /& i B A A e R BE AU -t < B A TR NIRRT AL T R 2 2

’
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FATEEGE - 35S KBS 2 EEBMNE R e S 4 s 1 H S e e AU
T GMM R &7 A A % - R =X 1T S5 (Hybrid Deep Neural Networks-Hidden
Markov Model, DNN-HMM) . 5k £y K 20 80 H BB B Wk S S VLS5 - DNN Y EE ]
BRI LU ANTER R © V)R E 4 RoE R 2)i8 e R E P R # #5 (General Purpose
Graphical Processing Units, GPGPU){YZEfE 5 3)E T/ N1y Ll 53 S5 55 3| S S k) & T 261y
REECER  HITEERE RS FIE st 5 SIEAEE S| TIFREEA R 2t (e 2 W
AT R oK -

Word Error
Rate

— o Y T T—
_?i:sf_ﬁ;ﬂ_i _____________________ _l (GI;\?{QL{;[{)& I
WP £ .
I EEER
| S
L—-——ih—ls&m |
— e —

B 1. FEHB L 0 X E N R B AR FRSC A7)

[Figure 1. lllustration of the Enhanced Speech Recognition System]

BEZR B Beh W i AU — THRGE R - (BT IREM AR 2 MR
TR o BUAN{E A B TR R E A TR R - e B S IR
%ot BSTEE PRI EEE SRR - BB ZIRAVERS - WRERY RS
B MRS RGBSR S PKE(Yu & Deng, 2014) « & sl & Pk (£ T
EHCORER 5y HI PR S SRR - T — (A DRI SE o W RS o ANEm SORF R RE A Ry 31| o B
BB AULE ¢ B 7B FIERAE > s T ZESHER - s Z - b
AR S REE T R —RERETT » Ryre IRIERTRE - B e SotbE SR BI LA 2K
ISR ZALBEEE G ZHRRARIR - X Bl RERNNRE SRS RAJ5
% AR SOE BT SRS RS S HVROR o fik o PR T BRI A DURER
R I RS E T ARG o FrA SRR —E S EATUER Y EkaE e -
WEZ R ORI HOOR FIRE A - B 1 FoR Ry i S Bhasl AR B A SR S8 s ORI 73 (A

'EHREE T NS | FOR o REESIHAER R T PESC A RSN -t B AR A 1RE
Bhsd ~ CIGRAE ~ CINZELEE A o B e Sy S o) th o] g tH 3RAE 5B o
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FEAREEED)
K. ZHAE

[Table 1. Meeting transcription examples extracted from MMRC]
EEGIE AN
U0006-002932 | 4 scenario HJEE target audience WISEZIERE A TIHEEIEX
BV ETEEAM aggregate | —EHIREM FHHHEE A
U0000-001623 | WE=5 EAERAAERBEAVRE LIl 28 o sk s EEb Ay RE LA Al
U0000-001624 | FISE Sy R el B0 A1 e 2 B A SR M A AT R
U0002-000118 | WE cover FZAT& sgFiE(E T EXEKAVE(E megatrend B

U0002-000122 | ¥iiE knowledge formulation UE diversification #HB{# is great

e AR EREZHRT 58 /NIRRT IE‘T’EfﬂZ‘“ZEIE%E’J?l‘EE%j{J%H%ZT FH=/N\EA

BT E Y3 fr U LR P M AR RS Y B (75 E/J\Eﬁﬁiﬁ?kﬁh.ﬂﬂﬁé
%ﬂ &E 0 BIUNNRIBEIT B B e s SRR E N ERGER - RIEES /N NETHETTEE
s PR AR A I BERIRITFE 5 ) -

2. JRfHEE S 2 AR SRR PR

et RS2 E s iﬁ?%@é@ﬂ%gﬂiﬁiﬁﬂu?ﬁiﬁﬂﬁ 1943 FEHJHEE R McCulloch » 135
5T —EEEIAF RS TEEIE  ZFRAR T ARSI R PIRY SLEE - B
1£ 1957 4 > Rosenblatt 25 —{ERF A AL S ETHVES » 2 TR &8
(Perceptron)f&7 - 1975 4F > Werbos £ H {7 {8 255 5% (Backpropagation Algorithm) (Werbos,
1974 Z A A PE S T HY 72X« 447°1E 1988 4 » Rumelhart 58 A\ #5871 2% i Rl
Z%(Multilayer Perceptron, MLP) (Rumelhart, Hinton & Ronald, 1988) » [R5 2% & Bl A1 25 3 F
AEEZ TR - (EAS A GRS R IT 08 S B R -

TEEEE PRSI » 7€ 1992 4R - WEREEEA 3 20 R B i AC A s B o i =S P SR
HI%E S (Hidden Markov Model, HMM)AJBFZE - B 404E 1998 4> Cook Z£ A (Cook et al., 1999)
(o FH B HE R A EER) » 21140 22 (8 38 1 14X 48 1% (Recurrent Neural Network, RNN)EiL MLP
R B 1 3% 38 ROVER (Recognition Output Voting Error Reduction, ROVER) (Fiscus,
1997 J7 A4 B ia LU RU A FEaR &G 5L - 2000 4RI - E2E 45 BT aC 4 ps 2 & Eny
YL T A > 5140 Bottleneck £33, Tandem 452 (Hermansky, Ellis & Sharma, 2000) -

S AR T IR T BRI R 2 - LR S (T LR @ﬁ
THEAWTFE)2 A B 2En - HF| 2006 FFFLG - S5 MR ShsE BUEAARE Rt T —

FI 04 #E(Hinton, Osindero & Teh, 2006; Poultney, Chopra & Cun, 2006, Bengio, Lamblin
Popovici & Larochelle, 2007) » [fi{% 244FHY GPGPU #H B ¥ (fi S il » (188 /@l
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ARSI G R R R URTE R - B2 B TR E R ALLWTE - BLS FmAvE AR
ST R A e B e i AU s iR & F52Y (Hinton et al., 2012) » B T 2 4L 4 s
24N BEMUESS | AJEHE AR EEE > #1401 CNN (Abdel-Hamid et al., 2014)E2 RNN
(Graves, Mohamed & Hinton, 2013) & L3 gH A2 fig (5 AU A F 5B & Wk SHis A B Ak
Tfi(Sercu, Puhrsch, Kingsbury & LeCun, 2016) °

3. BHEBEEHF

21555 (Caruana, 1997)5E & & 273 (Learning To Learn) (Thrun & Pratt, 1988) 2 —f&
PRESEE AR - B B WA RS IR E 2 E BE MR AR (£ - DR T RN —
ReALEES) © AL EE REE T RIBAG R R —IAETIRIT - A2 i S AR Y
FETE T 2 A2 01T oy Bl — AL RE T 5 IR (Generalization Bound) A2 H T —Z51H
R AL E B st Bl am - A —20 151 - A w8 1H BR W B (£ 5 P 22 A2 1Y 2 Ui e 22 1
(Parameter Hypothesis Space){F Fs 5L » BESUHR (L B P AV W46 2 Bliras 22 fii4a 5 e R
RS « FK » AFBEENIHERAIRER B 8t 2B % 2 RIRYRA % » Zhang A
HRFERE (5 2 [ BEMA 17 R oK i T pR 85 (Convex Function)y###2(Zhang & Yeung, 2014) ;
s B 4 M (o] B (R 5 1Y 2 B 2L A AH R B9 2B P B8 o0 B AT A% (M atrix-Variate Normal
Distribution Prior) » 3lf7 FH 3588 B8 AR fa i ST HSELE 75 2 T Rl 4 - Y3 SRS R 222
40 {a] & 1F 51 {F 75 88 {% (Positive Task Correlation) B2 & {51 {+ %5 [¢8 {% (Negative Task
Correlation) HYMHREMETIHE] - 12K Zhang 5 A\ FREA T 2L FF#UE R (Multi-Task
Feature Selection) EEfH 14223 (Relationship Learning)¥f = 4t & A A B RIETTERIE - 18
BAMHIEEH » B R 2 R b AERR - e — R E Wy HR N FRR
Hill > BLEESE R AR IR - HERERT ST I AEELE R ERER
(Unseen Data)lF T 5EA R SEHYAREAY

3.1 BEWHRTNZEBREY

AT E 45 & 2R AL A P Y 2815 (Multi-Task Deep Neural Network, MTL-DNN)4[I
2 Fi7R o B PR P AR 2 I T S i Rl & 5B SIS S RS R T - B
40 Parveen 2 A (Parveen & Green, 2003)£€5 T 11 fHA [E 0953 LS BLRE B @& (T Y &2
2 FINEEEEREESEE - ERGEREIRAETBESR T » 2 EHISEN BRI
& o Chen ¢ A (Chen & Mak, 20152 & # L EHKE2HWRME > HHEEHREE
(Resource-Rich)AYEE = RES/E AL SRV EFE - BB & JHE = (Resource-Poor)iE = » 12
THERIHBRR © Seltzer % AFIAST(Seltzer & Droppo, 2013)AIZHES T LLH AT S HER &
FAEEC ~ HTE EIRREREEC (State Contexts) AT B 2NV EAZEC  (Phone Contexts) i
Ry B ENAE S5/ SR BRI R HORRTE HH AR 2458 & ZEERH(TIMIT) (Garofolo, Lamel,
Fisher, Fiscus & Pallett, 1993)1J5E & Hak (L7 th A B H#E2D - 281 > Seltzer 5 AAYHE
{5 BE 71 B 4H#E 25 (Monophone) » 7474 [ B 2l = 8% 2 (Triphone) V& ] - H)@ ARSI
{5 =8 2R s B U B 2 2R R S R Bl B (R B B 18 TE R A am SUEBR
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FEE P —IERE - 5540 - BEMERG L EESEERDESTE—E - HEFI%—(EE
SE = YRR EL 5 T (Ghoshal,Swietojanski & Renals, 2013; Huang, Li, Yu, Deng & Gong, 2013) >
O EEEEUEEE IR R - ZEESNEBER TR EHANIISKIEE > FrAsES Il
HER SR RELENEEE - SEESASEHENRTHE - S En AGES I
BEREEGR T B RENEEES - e s ETHEES N E - REEEmE
RER SR BORr o Wt —2K - R E st ol wi i — B — RS - BTS2 Z(E
TEERE T EEE LT - DA M (Constructive) SUH I 14 (Destructive) $5 5 R EHER1H 4E
FRhSE - IEATHEENELR T - A EREE © (DTEE S Q)—(E=EEH
REFEREN(ETS » Q)Y BB =S E -
SEEREOH B FERELHE SEENEROHLE

DD ©0--00) Be--&®)-

» I :
s YY I v

3 1 |

(00® - =

s

B 2. ZEBFFE HEGERS T E IE
[Figure 2. Hlustration of the MTL-DNN system]

3.2 FHENEBERET

HEENCIEL - HEBEE WA IREEEFIRA - SOV EEE 2 SR E
FEtE B Z YRS (Carvana, 1997) - HEEA L » RemSCIERT AN E = > ERZEd) 10 fE
RN TERET » W 3 s - H—(EEEEE S T2 E » AT
By kR 38 T BIEHEREE - BIEHES RSB REEEEN - S—(En|
m] B2 B B8 & Prak ol 88 - PR FH Y 215 2 R 45 1 fif (Model Compression) (Bucilua,
Caruana & Niculescu-Mizil, 2006; Hinton, Vinyals & Dean, 2015) » {i£ 25148 5 ¢ A 5 @i
T ep SRR AT | S A AR RS B R B SRS - 12 D SRR SR Al 4B FRAMISE FH VS B A 75
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BTN T

ESTEHEEERS 2LP
EEEENETRRG IRP
=) EREBIEHEE R ILRP
SAIE RS 3cs
N R oLs
BT A DRs

HEER p—
E¥EEE

B 3. A3 X EH T TE— &
[Figure 3. Auxiliry tasks used in this paper]

3.2.1 HIEHIERREATL ¢

HHE B MEIRREARRC T AT B A& A A AT — (& 21% — (&2 HERY HMM IREEFEEC HUREhBh
B - HF AR s i SRR A SR OT 2 - S DA H AT S ERY HMM SRRE
R R HAR > IEER EAEFHYHI o B R A AT S ERGIRRE &R - BB EB A
WEE peHte (U AL FI SR Ay AR th RE S I S EEBRSNEEH, - DATHMIASAT S HE or1 ARAEAE
e Pl BEREHATEER R o, T —(EEF R GIRRREEC RN Fysean > RIGEFER
REPEECZ IR By -

FrRight-state = ¢ In Prs(Se41]0¢) (1)

3.2.2 HTEHESTRIEL ¢

BB VAR ETHE 2R Triphone BRI - “REIHYH T LA LA ZE 4 Triphone
FHEEYFT {5 FHHY Decision Tree State Tying £{i7(Young & Woodland, 1993)&fHEERT —03%
7~ 0 HEL DNN QYRS IR o MRl A AR E e eI Sry EiE - fRftiin g &
A& - EREREEE 0 BRI R o PR T EERE ARG -
o — 2 IE A R (SIS BN o AT E RIS ERT S & 2 A0 - BEEif t BV EERTH
JERE BT RR fq, » HESESE SRR 2R R R, » R EEHY B AR #m]
DAy

Fcurrent—Phone = Zt In Pcp(q¢|o,) (2)
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3.2.3 HEEE KEEEEN ¢

REZAIFI ISR - AEES 2 Mgz A LA EE - BHEGR - #7280+
BHEE EEES AEN > EHES 2 ENEE - RIS R B M E
—REE EIWER > EIRESR T KW SRS RS o K 0 B A RS
B AP R 28 S KBS EE S B NIV EIR kA iok 28 HF B ER ARE
SETRH RS - B m 5L S 56 S 07 (Language-Independent) (Y& 5 1TTHL = /@ YR
ik 2 B2 H w5 % 3E = A B (Language-Dependent) [/ %1 3% (Schultz & Waibel, 2001)
Swietojanski % A$2 i LAFEEZE Z((Unsupervised)iy J57% » DLERESHVER HIZE S HVH
AL GRS AL AT TR 4G (L (Swietojanski, Ghoshal & Renals, 2012) « 258 = 314k &RH I T
G —{E2%3ESHY DNN RIS - SRS 2GR » (EFIISR et S 1 g I = Efg
S e 0 WL EEES =4 B51Y DNN BRIER PSS - HEIEIT - A%
WrgeseEf - BREERAVEVEETRR - MERMOVEST - BN gRER e A i
IRV - M E S A A B R [ERE S IVRER—Ea) SR - IR H—f%
{BAE

3.2.4 HEEES YR -

s o SRR ERER - &R BAK T st E—4HHE
ISR 2 R E RS > 3 H S B MIRYTRAIGE SR « (B2 A0 251 SR 25 (B B 2 A ORI 45
G MG RA T BT R R - CH R E a8 et R0 i AR AR A
KAEREIT > PTREER AR SR ARG o (NIE » Bucilua 5 AAYWFFEEUR - HEAIERIE 5 L8
LAl BRI R EEEY 22 T BEAY(Bucilua et al., 2006)

—AARER - FRAFTED & B0 R R SRy B AR e B R 25 P RE S S S F EH AV E R B AR
AW - BRI E AR B Sa T I R | SR E R E A B PR RRE R B - 12
ERAEISR 7 2 A 2 25w RE Y 325l SR R AT &8 A U R RO AT » ST RS T 8 R
BEZ M TRERR SRR G o DA Rl - BEZR S AR E R PTRE S PRI B
HIVIRG © EELAEERRE - SR R el R IR - B LR S R SR ZE &Y
PR o (EREE AR B AR [EIEUR A i CE R L4 i fan 25 5 AP 28 R A3, - AR
SR REII A G E N - JEZ A BT TR — R LRE ST - Rt » MIESRERTA
{775 » 1EallekA 2 (Well-Trained) A5 8Y Hh 72 8 1A AV IR - 18 SRR3R SO 5 20 1k
=1 (Soft Label) (Hinton et al., 2015)- L Soft Label {{C{&%5IE 1 K 0 For)%E(Hard Label) »
i By | SRR A AEERE - IS AR AR B B R [F R i1 2 I HE R & sl Rl A SR 2872
oo e A Tl SR SE VIR - RIIFIERAYZE 8 nl 2 w8 Il =i g Softmax pRELAYIR S
T ZE4: Soft Label » [a/ll ST AVIE AN » & Soft Label {8 Sl B £ 75 A1 754K - Softmax
o E2RE T 2 =R -

. _exp@/T)
b Xjexp(zj/T) )
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BEEORE T BT {015 e B H (H P42 (Smooth) » fE41 » Soft Label 13[4 #EE
T RAERRERSRE D - ECE S e B IR BEOE HAR - B H TS ER R o, -
H A AR HIRREAREC TR Fys, > Al Soft Label Z HERREIFR R Ky

Fsoft—Label = 2t IN Psore(s¢|04) 4

4. ERIEREAEA

SR B N IR ATt — B R BN AT
BRENERS S (T A » SO (R O - YRR @A THI -
B T RIS A BV FI SR E AT L S (Huang et al., 2013) $H T EHTAEE -
BRI B © (AR - UH S B 5 & L S T R T A3
SEEZORY - PRIBLIRITAT LU MTL-DNN 3148300 1934 S8 (Shared Hidden Layers,
SHL) » £ — (B A0 AT RATES BRI - DULHSAH A u 3 0 (T S i
GRS e - EREEEGTR S | Bk U
FERRHT T2 SR R SR - (IS8 5 1% - (R JE SHLs {57 - 75 SHLs
SRR Softmax [ + (3 FR T (ERS AT S BT AT SR - SR EI S
(EBS L A i 221 06 (Supervised Pre-Training) » h5) (L5 12 821140k 453 M7
(Regularizer)f f - JHST 2 ir 17 2 B2 T AR A 6 954400 3B Fime Tuning)
75 S B R R IME - BB T R IR A ERTE S - FERA LT &
SEAHIHRR -

5 HEg

5.1 EERIRIRAMN

A S B R RYERRHE R B A F A B S Ay o S &R R E (MMRC) - Horf g T
&7 43.18 /NIFHYE SR - SERE S CA S B o T S B - 2 BN B A 23 {1
SEE o A 40,022 4] o AEERE G HEEERHE 7 Rl SR - SR AR BUIEE 1R 2 R -
HAISREEA 36.02 /NI 0 35,769 ) 5 S FRELA 3.52 /NI 5 3,269 4] 5 HIELEEA 3.64 /1
% » 984 4] -

2. PG HENYE
[Table 2. Statistics of the Mandarin Meeting Recording Corpus]

MMRC (RS R E HIEEE 4ast
NS 4 36.02 3.52 3.64 36.02
SEA]E(A]) 35,769 3,269 984 35,769

ORI T - P AR N A 2 B BRVEEE T A A SR T
WAL — R A S B R G AR » PIAE SRty - 0 G 3R th SO
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e SRSGEN T RE A E R IZAVER S - MBS RGNE(L  SEENE &
FIREEEAEZE S FR B TIF AT RE 2 BSOS LH BN AT IR R TR HEREAE 0 B
*E T REETETEE N EE I BN E G AT RE AL A EIRYHES » 8RS an'E - FRrE AV ZR 5
JEEBFTREAR[E] » FlAA e Eag = AR R v E - A AR A R e, - f1E
e A NS HEEFEE - NILg@aE T 20 AP EAEER -

Kim X EBEHERNMEL R EEZRERENN —ERE R EEET T
a3 e T 2 IS Kaldi (Povey etal., 2011) » BLK Python #2 8= _EAVR B SHE (L4
WEHEERESEE Y GPGPU HERLEGHIBEIRIE - b - Z5EE KIEES &N
FHEB - TSRS 2EAAEERENR 3 &3R4 FR « SAVRER B E &
FERIEERHE (TIMIT) » HAglISREH 3.14 /N > 3,696 4] 5 22fEEH 0.34 /N > 400 4] -
B By R S S R 9 i Bl EE (Mandarin Chinese Broadcast News Corpus, MATBN)
(Wang, Chen, Kuo & Cheng, 2005) > Fl|S&EH 25.60 /NI » 34,672 4] 5 S¢BEEH 1.3 /NIF »
292 4] - EERFTERAAVEE S AL B DL MMRC =B A% N-7#55 (N-gram)3E S 158 - 55
N ER 33,8145 - HRITH @ sBRESA RN EER - FCE RV AER
JHRRE > Fra e R E Ry 247 {# -

Z 3. TIMIT ZRlE
[Table 3. Statistics of the TIMIT corpus]

TIMIT Bl SRR DR fmt
/NEFE 3.14 0.34 (GE(ER) 3.48
ST HU(H]) 3,696 400 (GE(ER) 4,096

Z4. MATBN zZ5LE
[Table 4. Statistics of the MATBN corpus]

MATBN FlECESS HEE HIEEE 4t
/NI 8 25.60 1.36 (GRER) 26.96

QL (@) 34,672 292 CR{ER) 34,964

5.2 EHEEER

AN E AR BV EE R Bl R A B YA SRR oh S0 S s R o B SRR A
s Pl YR EAE R S TR S 15 (Gaussian Mixture Model, GMM)S € e 1AL 4
ESIEAY - GMM { FHRVEE SR E0E =18 > S &M EUERER B(MFCC) ~ RIS A
R ARACAR LR SR PR (LDA+MLLT) ER LR M3 Al o3 A0 B R A B AR (DU G 1k R B
HHHEHGR(LDA+MLLT+SAT) - B AR B (i A EIRRE IEARA A - B THRORTT M »
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HEBLASRAVEIERRAT © tri2 RoR(E MR EIFRRERHE(MECC) ~ trid R Ry 4R M A1
3 i E i R B AR LR SR A (LDA+MLLT)HYRF 2 - & P88 1] o A i e RA B AR AL
SRR B EE 2 5 i (LDA+MLLT+SAT) AR Fy trid

EERNERT » WREH A EREEEREE L EEE - titEEaEiE - A
B EERIATEISE - EZ S AN SERYEC « (EE B Rt T DUBES F MV A% - 78 GMM
HIEBEE BR T » R B AR EBUR SR 88 A1) o AP I s KA AR L P 4 P A B = 3 i
(trid) » FrLABE T AR DA AR 4ais fy LAV E R - ER2 DL trid FeEa)l4k GMM DLz A B ia
S ) SR BRIV RE ST o &S A R 1Y 55 5 R U2 M RO 25 4H 7 18U (Mel-Frequency
Filterbanks, FBANK) 40 4/l | 3 4RV IR E(Pitch) 3£ 43 4 - AT H EHYA/NGE By
11 (& S HEH B TS ER TR 2 5 S HE) - Il 43 4B S R EHUHE Y — P& 2= 8 (58(Delta
Coefficient)f1 —[& 7 & {48 (Acceleration Coefficient) » By AFF RN 4ETS By 1419 4k - DNN
EERSOEE 6 ElEiE)E 2048 {EHEETT > FEek S L e EL(Activation Function)
{1 Sigmoid - CNN & g i H AYE% E B0 & R FHAY CNN » 2L DU FE TG g
(Convolution Layer)-f/{ljg(Pooling Layer)-f&#% -4 M B SRS 2 EHIIEFHEY - 65—
BRI Z (Filter) K/NFy 8 4 > 3t 128 {ld - 55 " R fEREfg Bz A/ N Ry 4 4
3256 ([ - JALEBR A R EIAEMax Pooling) i EH » MLEHIA/NE 3 4 - i LD {X
(Pooling Step)fy 3 = Fy T S FEATRMHEN (£ 75 B B s B ARV SR - Bk 4 e vy e EE A
B THA SR -

R EORIZAT  Fof e i e SR EE A aE 5 R0 | 4R B A XY GMM 2
SR o MRS R A - IS = A GMM R EREAY o FLph =i R
FHZR EIHYRHE(EIAD tri2 ~ tri3 Kz trid) s BilFI Sk =40 R EHY GMM « S IR AMAIH Eat =
4H GMM » 3| SR AYEE = ERHET TR 7T (Forced Alignment) » HUS- (S HES FERY
PEREL SRR ER GMM FTREAERE SN Rt e A= R) » RIS E
FHTRESE - 521% » BRMIS PR EE =40 GMM 15 HARAT 9 iafR -« B R Bl ngm )
HYERIRED) - PUR/MEAZ 3 (Minimum Cross-Entropy, MCE)fY H 0% » B sl 48
—4H DNN » FUFEAHT GMM 2R A BRI S HEATE E HMM JREEAIHEES - 3|4k DNN £
MTL-DNN HBFFe ({58 B /NL R BB 1% RS S T [ 7£(Mini-Batch Stochastic Gradient Descent) »
&2 mini-batch flE 256 ZEFISREERIRT i A4 A RS » (58 (Fine-Tuning) {5 FH ] {H 242
HEDEEITHERS S BIVEEE - FEERAEIRR 5 PR o AT DASE A B AU P Bl s A R AL
HRE 1% FIHERAZE GMM Y 51.88%[F(KE] 38.30% - {1 FH FEFs i &S 4R 25 S S hn 23 -
HETE 51.88%[F{EKE] 38.16% -
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2 5. FIEERFHERERSIRAT I MMRC #9785 504 %)
[Table 5. Recognition Results achieved by various systems (in Character
Error Rate(%))]

RS R S
GMM_tri4 MFCC 51.88
DNN6™ FBANK 38.30
CNN-DNN2* FBANK 38.16
CNN-DNN4 FBANK 35.60
LSTM FBANK 36.48

R[5 P TH R A A R

53 ZEBREZERGER
EN XZE’J%EJJE?%_JJ%W 2 KE > —HEEEEEREEN > IR EREES R 3
- FEREE RS OR@) - HEHEREEL(RORI®) #EES KIEE
FEAMIEQ) - %-*EEUXEEiﬂEuﬁ¥i¥ﬁl§lﬁE(Tﬁ5)ﬁQ) EEE & PRk o s A s 2 T
o 2 BAFIFTER A YRR AR AT - ISR e pRAYSR (EIE AL s EE 2L Soft Label »
PEBL RGBT TAIIOR - B2 T ART TR A S B B T BB (RIS AVERE -
DEEHET ARG | SEHESTREC R 4 1 gl — (SR RS 2 FEHTE
BRI - HArSER BN S 2 - T (AR ERCEE) < SHERTERY & R EaC BlFE
HRF FEUHI AT —(ElF R R (222
2)EHEH FEARRRARET © MU BLATIHEEN IR - FEE SRRSO AT o By 3 1+ i —
{EF eI RE(fE i) < FHE S ERTIRREAERE ~ H AT H IS ERIRRRE L T~ — (Sl IR (G E)
Z ETELERGIRREIRED - [EfEEAVE - HATSES ARSI O R H S A ]
AR ATAII R 2 e iR A A 7 A Y = i e AU RIRRE - BB OIS » 5 EAERS DA tril Y
ARREATEEC Ry HATAET THlISRET - SBh ERsHY H AR LA tri2 AURRERTERC Ry HATAET TR/ -
3)%unn&%unn a2 FAMIIT A A TIMIT SEHEHES MATBN SERIEE - iR SR T 5L
BN EER - SRIBEARETEANAIR 3 ek 4 Fon © JAFIRVE SR w73 Rt - —fE2EBn(E
?ﬂ/\ﬁﬁﬁ TIMIT sERHEET TSR » 55— TERE(EH TIMIT sEHEEL MATBN FEHE -
4) B BB PERREIRE © Soft Label HYE BRI MSH #IA FIHVRE » Sl SR B3l St L2
BEE G SREECRETERL A K A FREBE R O T BB -
EAEEBNESHIREE PR TR IS > BEEE R 1 o FAMTIeBRETTEM H ATHY S HE S
A —TE S R ZEEEB R SR A B > ITRIER 6 TEIET] > EEEBTENEER
tri3 FESFAVRCR - RMTENRE R trid BORAIA A tri3 BHEH - AR A RS RE & 3R
JISRAYE R trid > BLE(EFSHY rid FEECTEE AT - EECSARA IR - (At - Feffia]
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DAEE BB RHEN RIS - bR T TR B TAESAER 2 51 - B E S G AR EN
PR -

= 7 HHEEHEMEBE P G RE R RS - B RPTTDIAR S 2 HE
TECIVERBN B (QBIQ)EZE] « FHM T —(E(CEE) S HER BN B R0 PR
(37.90% ) FEOHI_E—{E (728 B HENT B ZITEC YRR (38.58%) BHE - MEAREH EREECHY
B (O@©EO)EZF] TN E—{E (78 SR BAIR RS0 AT SUR (36.79 %)
TN E—(E (£218) S HERYIRREIEECHYAUIR (39.19%) I8 - (BRI FHHI/E 8 A BIE R
TECEGIRERAE SORYIRRR NN AOTERA - iRy 38.33%6 38.83% » [RNEZ = HIN/ A
EERSCAVERBE R PG A REEE 1o EsR 45 » TR (IR B o B -

6. FIFEFAEEEMMRC Gt 78 5a %)

[Table 6. Recognition results achieved by MTL-DNNG6 with different phoneme
labels (in Character Error Rate(%))]

AL B EEESTEIER HEAEE 1
DNN6 Baseline - 38.30
MTL-DNN6 @ mono 37.76
MTL-DNN6 @ tri2 37.60
MTL-DNN6 @ tri3 36.98
MTL-DNN6 @ tri4 37.14

2 1. T IETHEIFETE MMRC 9785282 %)
[Table 7. Recognition results achieved by MTL-DNNG6 with different auxiliary
tasks (in Character Error Rate(%))]

A ER AR st PGS

DNN6 Baseline - 38.30
MTL-DNN6 @ Left 38.58
MTL-DNN6 ® Phone Right 37.90
MTL-DNN6 @ Both 38.33
MTL-DNN6 ® Left 36.79
MTL-DNN6 @D State Right 39.19
MTL-DNN6 Both 38.83
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® 8 BBl S MRS BN T OCE B R Z PSR - m] DIgEH MMRC 58
B TIMIT FER—REHES TSRV F S 3R 2 By 38.06% » W L(sH 15 A ER ST AU AT 3| SR ESF e 445
SMERIILSCE ZAVAI, - AE PO SCERH EAEE R A E ) » i MMRC ~ TIMIT Ei
MATBN —ifE3[SR IR R Al L ETHE] 38.23% - WM R RIAATRER — @ H—>
BB BB B SR E - NICEBIAHE - B2 Sl E R ()R EE
Btk UREB B E S A SR EE S I EFHIEE -

7 9 F Soft Label HyE R - FMISLRat A FHVE DR LRI - PLEEZE Soft Label
FRSERY Fy DUTRREARGC trid FTalll SR AV R (DNNG) Ry B > FE T Bgoh o] DA - R = iIR
SRELEE  ORERGE Ry S HIHEERR(35.91 %) (BHRESRE By 2(36.58%) © 1M {5 FHRTFEHEAYIR
REREEC(enn_aliISRAYIRME - IR 2 AUBEERSCR (36.20%)BFVRE S5 HYFERSR
(36.53%) - [N sl th e i B - T IR EIBE T B S e - AL SRAT 40 SR UL
TRy ER Lo (enn_ali)iky - A FE A8 Z R HE BN RES0EI RIS A #8 o 1 (s
IR RREC(trid) B - AR E B &R A A EERTRCR - & /2L Soft Label
AR BT S| SR A R B8 s R AR ALY S 5 - fR8ds o] DAES 3R - 5 W B Al R B A A
> FEERRR Ry 37.30% - HESHINEENG A K > EFRORFEEAIEAIE MY Soft Label B
AR -

8. ZFF S RIEES K MMRC #7772 (%)

[Table 8. Recognition results obtained by using multi/cross-lingual corpora (in
Character Error Rate(%))]

A At LEEIS B MG
DNN6 Baseline - 38.30
MTL-DNN6 @ +TIMIT 38.06
MTL-DNNG6 ©) +TIMIT+MATBN 38.23
MTL-CNN2-DNN2 ©) +TIMIT 38.17
MTL-CNN2-DNN2 ©) +TIMIT+MATBN 37.64
MTL-CNN2-DNN2* ©) +TIMIT+MATBN 37.31

RS EE R 0.7
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9. Soft Label Z£ MMRC #7Z42222%)

[Table 9. Recognition results obtained by integrating the soft label technique
with various DNN models (in Character Error Rate(%))]

- “r N T75 il .

oy mE B | %f;ﬁﬁg P e
DNNG6 - trid - 38.30
MTL-DNN6 ! 2 trid 0.5:1 36.58
MTL-DNNG6 5 trid 0.5:1 35.91
MTL-CNN2-DNN4 ° 5 trid 0.5:1 37.30
MTL-DNNG6 - 2 cnn_ali 0.5:1 36.20
MTL-DNN6 z 5 cnn_ali 0.5:1 36.53

" 4E Soft Label FfEi%1 2 DNNG;
* 4L Soft Label {71 2 CNN2-DNN4

% > ERTHEENERGARNER 10 Fos - EROVEBT > REREHERNZ
B 7 PSR 4 SR R i L Y 2 B PeROR IR 10 FYBHE S A 2 B A e
AT 4 2 By sl - (EEi T Al LIS 3R EHY 5 7A ¥ Soft Label HYRHATHEE
R > I LUHEET Soft Label FISRHIIARISUREARE - £ %58 S METESHER T - B
(ARG A R BRI REEE (38.23%) » (/R AEAC TR 1% > PRI+ 53 A8
(36.33%) = HEME LR HY E R T REE R A I TRANGRE - Fir i I 2R/ SReB R Y
G > 38 > TERIAAT S HE RS R AT BN AR RO A SR BT R i A R R 3%
FEHI/E 18 A S R Y W R 7 37.73% » M TG B e S S PR b
F 37.13% o TR FHERREIEEC AR 2] 37.94% - TN B HIEREIER
AYHECR AT DUED 1] 37.97% - SREE2KER - SR EAN A EREZ R TR AIES, -
] LLESE 2 TTHIRUE ©
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7 10. EFraiE A MMRC #9755 356 %
[Table 10. Recognition results achieved by the proposed method (in Character
Error Rate(%))]

R i A EBAER et PRl S

DNN6 baseline - 383
MTL-DNN6 @ Left Phone 37.76
MTL-DNN6 ® Right Phone 37.13
MTL-DNN6 ® Left State 37.94
MTL-DNN6 @ Right State 37.97
MTL-DNN6 ©) +TIMIT 37.13
MTL-DNN6 ©) +TIMIT+MATBN 36.33
MTL-DNN6 YRS 2 tridfEz 36.96
MTL-DNN6 RIS S 0 enn_aliffisd 37.14

6. GmELRKEE

B BRI S e B PRI ST B EE Ty E AT RS E TRV TR & 2
EBEE RN B A SHAH] » FELIGE G et B W 2 AR - TH9TRR R
BRT] 73 B RG © DIE AT SR - FMERIT 10 FER BB AT B R 4l i 22
AR » FA DAfE R Soft Label 5 Z55E 5 KIS EE = &M Sl BT Y HE D iR A
K o DA Soft Label fUR#HE) (£75 0] LAEASF-8H 352 221 38.30%F(KE] 35.91% - MPAZFES
P58 S BRI BN B AR S FHaR R IE 38.30% NS 38.23% - S5k » Foffibx
THEE S S MRS R A > E RS B T AR
Kddps o DABSEES 5B S VRN ETS Rl - ZAF 152 E FERR &SR8 T DAE P S5 ER
AL 38.23% M0 N EF] 37.64% 5 2) TR EWFEZE - (HE R BRI
BERIEE)EL - ZOBEH AR - HIECEMEREE IR - 255 E MSESH
E%  HEREETIRRE - PRI RERE 38.23%F(KE] 36.33% -
RATE— RS AR E A - DTG R © B2 ENHR RS B EIEEE
HHETSE A ERENENE L » SERS SR » AR MIH PRI E
AR EENERS (B A G ~ A B SR RAVREED © 2B SRR (% © B AifEsE
BT SAEHEE AT i AR BRE S 2 R LRI R 5 - BIA0R EE AR FE R SR
Bz H s B AFS R4 - 35558 LRl hmt A &g isall s b - BEFtE—
BT A 5 M EFRNEERE © HNBRAE S B2 T BHENER SR E e
dgishs g o SET ] DLEE A GRAZ 22 (Curriculum Learning) (Bengio, Louradour, Collobert
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& Weston, 2009)AYfihia - STAPEIHAS GRS A AR LRI aa T A R EE LAY ERS © DR
G BRI A B SR A A A A B O B RAGIEC IR 4R (Long Short-Term
Memory) (Li, Mohamed, Zweig & Gong, 2016){£x5 ¥ ik - AU 7 A EEAIRA > Feffith
i & 35 F B L R A ER R AR U AR IEMESS © S)fRi% » I R S B e 3R B
SR rp SR BRSSO DUAARE - BN Tsizey $EBERRy T 772 4 2C bottleneck
ek THEAME . o WS L SEE A TP RALE > MR AR T RE A EEE
AYRERES IR > R SRR RS R A - R E S SRS T PR I &
BIRFEK - Kb —IHE A R - MEZ IS IR TR S B TR - AIRAES IS RH
Al AR IE TR - DUR CEA LR o8 aa R RE A Al Rt P o R i A A th . — (1S BT 5
TR -

B

A X 2 W SE R SE S - B 0T 2 S Al R B2 A (e THR K B 5125 (104-2911-1-003-301) £
T OE B RF R E OB 9% i & (MOST  104-2221-E-003-018-MY3  fI  MOST
105-2221-E-003-018-MY3) 7 &8 & <7 45 » 3% HEB0H o
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