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Abstract

In the next-generation automatic speech
recognition paradigm, two types of speech
detectors, i.e., landmark (to find the articulation
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change points in time) and attribute (to find the
manner and place of the articulatory) detectors
are the fundamental building blocks to reliably
phone, word or phrase detection. Especialy,
landmark detectors are the most important
front-end for the following “event merge” and
“evidence verification” stages.

In this year, the proposed sample-based
phone boundary detector was further improved.
The performance of the sample-based phone
boundary detector was checked in the TIMIT
database. The sample-based phone boundary
alignment algorithm was also used in TCC-300
Mandarin speech dataset and Hakka speech
database. The results show the algorithm can get
phone boundary with better precision and
accuracy.

Keywords: next-generation automatic speech
recognition, speech landmark, speech attribute,
integrated boundary and attribute detection

=~ Hd BEP

VAEI S OB B R SRR AR
@ % F #eas(large vocabulary continuous
speech recognition, LV CSR) 4 sk B 48 41k >
AR TR E A B AR FHEGZ S T
FRFRILG gk PR AT Sk g2
B AEFERE S i 4 At A IR ;}iﬁ‘:?'rﬁi’a
H G 50 R IR B
EFRL 3 F Y e
5 BEED amEd ek L*—v - BraeEs A
zz{ (knowledge-based) +: + F L 5% & o
(data-driven)fic5% » B3Pl L & > X% - B
b iEamE PR ] A BRSPS
Ar— R enge(l] o &[1]¢ 0 ZAT- A B5F
BRI 2 2 T 52 A RACR] 1T



Aadl o~ LR R~ BUR T LR

BATE RGE R SRR A S SELE
ToRAPRIFFREAPIRESF -G L
Pk HE A2 pFR OGB4 AT D
attribution# landmark ; 2 ¥ landmark % 5.+ 3%
EER BB LR PIMAFERFTW 0 e
phone ~ syllabic ~ word ~ prosodic phrase %
utterance® edF TG B 0 bide L E T B RETE
FRen— i landmark 383 4 2 5@ attribution
B 2O T R BT LR
T3 oo @ attribution™ 12 4% i & EBGE G Bl
articulation properties» >+ Z 3% 3 i3 ,ﬁ‘.&? -
> - i B oevents o 3F ) FRLRT AL G d -
i ¢ 0 articulation events ¢ fL fF 7B
(decoding) - #7rid F 3 B ELY A5 - @ E
BEEARSELSDER > v G
HMMZE . en3F 5 PR e f afdmis 1 7
EEFS GO ETA(r AL ByRLE
~EHPER ) A% 5 5 ¢ phone~ syllable
Tlword¥ & Fy kB ~ ¢ g i<k rphonel ~
TREREFR TREFFE RS G 0 FF 7
FETM -HRFZ cFFrPafi> 7 —F e
32 E RGE 9 5 gyllabic Ianguage’wordév’ﬂﬁ;,kf]&
2 G ABDAIFRET T G R B e E
2 FGEA 3 o yllableik % 4 BT £ chpE B
BELT @ d AR SR E e
B EL o -7 iR {7 3F % A Stgyllabic language
srtemporal structurez_ 7 3 o

ENY

AR E Y s A erdy g3t (N Z 5
B P R R F S R RD A
WELEL o PTER B ,ﬂ?fjf‘u-"i @ ;B Articulation
change » & #73} 0 landmark &Lz i seehs
- % o i landmark e & o AP AT Ren
syllable-level  landmark  detector  &_ ¢
sample-based gL gk k & 17 > # FE PR F D
A R (12 msec) o % — £ ¢ Ao
sample-based 1 ;2 %] i¥ 7 syllable boundary
detector -

“ # 4 3 - & phone boundaries
segmentation/detection # 7 ¥ [2-6] 38 & * i

PP PRRTR Y he g Bkt o R E
phone boundary = landmark 1 ip|1 1T 72 i@
HREFERIRLTERY AT G BRI A
Sk 4o MFCC» 5 T F B 347 A A
& * frame-based 2 ﬁg i EPFRE R R
% o % landmark i pIpFATE & cn§_F pFR
TR FIE T ERIES R e
APILE R AR b 2 R R ezt P A
(AN S A S A O O s
sample-based # 5 #%-#c(acoustic feature, AP) %
WiEB BT RS &2 B ip Mg o R E
(syllable-level boundary detector) °

1 #FFFLF FRBARIF o 250

ARG 2 RFFHLLOELIEFT
WA A M AR * e g A IR TR
WEAE R BEFFAELF R
BIE > T @ ik sample-based #F 4dkc
HR ARt mit i3 2800
P FE R 2 2R o A E RAT R i A w iy )
2. sample-based -5 -8t § & A 20 R
BRSPS BRERRT LSRR
F_eiE 5 AL KRB~ segmental-based feature
A EGEL RORE RS RSS2
L) gk ol A e S R S R e ek
2,

1.1 #% % Sample-based § # =4 B 1 i#] 2% #

Sample-based & # =HEk 1 RIS o A
i & * 6 i sub-band signal envelope - i {1 *
spectral KL distance % £ ¢ d1 g § 17 5 =58k
gz ¥ > 5 - B supervised neural network
Fad- g ARE R RIE I DERE
T EREI - BAERIFIZF FREd
F4 B~ segmental-based feature» 31,?] & B R
B ORE -

BAOAPFAE - E#3-F Y 2 AP R
6 # sub-band signa envelope ﬁi%]:".éni - i
threshold,

6Q[n] , 6ﬁ%[n] 1
Eln=¢2.&ln > eln (1)
j=1 j=1
n, otherwise

Ao TR AR AR -

AP GES G5 3o P~ sample-based &
B 582 15050 B0 AR BN ET R

5 7 1 # (pre-selection)

(Threshold) > ;2 % ¢

ﬁi%%&ﬁi@§ﬁ§ﬁ*




spectral KL distance #4:F ) t3%5 4 2 SLARIT R
Fni‘ m% L TE"_\._ féf‘ﬁ*m/?l:‘é——% X, E’/{
spectral KL distance 7% &_F ;¢

d,(n-Ln)<d,(n,n+1), d,(n,n+1)>d (n+Ln+2)
andd,(n,n+1) >Th,

MR

Pl A APE N ke EagaE o his A pE
Fliz- @ 8 G BB E A ) {c;j=1N}°
q-ﬁ*F‘lfﬁﬁWw iEE R AL izrp% z 1,, ,UAQ\
3] & %5 F Bo(segment) s A F oA ipt R B
3Z 2 2L RB-— 1 segment-based z‘v’ﬂfeature *
e chEEW R o B A > AR % segmental
sub-band signal envelope % #=%74p 48 2 B 4§ £

[Cea:C] ™ [G Gl > 4B 2 9777 ©
Candidate k
Stable part
Cxi Cx Cis1 Hime
Segment k-1 segment k
Bl 2~ 1% i EpBM3gd Qa8 Bahn LH -

22

ESk) & & % k B % & ([cac])®
sub-band signal envelope i+ 41t {4 e 35 >

4
ES(k)={ > E[n]}/(ck—ck_l) @

N=Cc1
BEFOAPHNE BiRERERE - B
38 s feature vector » ¥ % K 1 iFiE =4 2k >
G » H featurevector ¢ 3511 T BB Lk

(1) P avipiEzhahz o ~ (S iFEREE2 S
CACIRICYE AH[c.]) j=k-1kk+1
(Elal.AE[c ] =1-,6),AE[c]

, # ¢ AH[c,] & AE[c,] * spectral entropy £
%0 B A1 {4 sub-band signal envelope i 4

£,

@ p+

(ES[Ck 1'Ck] ES[Ck‘Ckﬂ].i: 16)‘Ck_ck,yck+1_ck:
(@) " 204ty 424 i E LT L i
ERER L F - B AR - B

S IR

$ 45

BEEFAPARY IR - B supervised
multi-layer perception(MLP) it 5 5 % =4 8L 1§
BB o Ra hE B DPIEEE oA MLP
AATEZ P RS o B2 TIMIT Z4E° 5
A dfZeadaliz % > fe 22 objective measure
HlgrersR il G - KL @l MLP & & ¢

3‘5‘% SR R XTI E AR T
R BB R ]“i °

B S s R Y R Eh R P2
- i iterative target selection 22 MLP 2" 3% &
EF B ACE 3o ¥ E B A 1 s hrh ek i
Bomo St RF(m-AmM+A] R o EHEEY

- BiEEAELy (TP - HP ARNE L 1
B p B iRz ¢ T R R

?‘”' ﬁﬁ‘;ﬁg/é mﬁﬁiﬁp_f :
(1) S L R 2 117:3:3 Q&,:‘ *;l. 4,%}1 B~

spectral KL distance(d,(c,c +1) )2 #5 8 »
B TP AR

(2) F1* B sp &3k % MLP-based
TR RE

(3) ##d MLP-based f;i:‘ﬁ]%ﬁi%lﬂ'.i&’ﬁ ¥
i ehiEE ey 7 MLP-based 1 ip] B i
FTP A&

4 £HFQe@H 3 3 jcace

Candidates from objective

measures
[ \ ‘ | | ]
Manual labeled
boundary T
Acoustic parameters Target Function
of candidates
MLP-based phone Target Function

boundaries detector Re-labeling

‘ Detector output T

¥ 3 - Iterative target selection £ MLP training algorithm
2.7 BB e

d A 4 sample-based %5 48P 2
- 1# sub-band signal envelope = : f7 it 5 %
BUERE R gE M s ek 2 BN e r K pE
Fé“,mpp 4 %¥c(long-term) » 3% iz iE =3 gha {3
2.3 B R Bs TR R B E 3 % B (Linear
Predictive Cepstral Coefficient, LPCC) *k % it
B AR A L R R wJ**P
B KB ROE G i 2 R D) 2R
mAPET LR Fé{ﬁ Hihie FE ok f f 7 EF b
oAl % & SE Rl 4 4k (Linear Predictive
Coefficient, LPC) #<2~ LPCC > 4 (3) 3¢

c(n)=a(n) +n§[%} c(k)a(n—Kk) 3

B Yoo & % n Ry AR R EIEH %
#ooa(n) & % npFaEIER Rl n=12,..,P

LA * GEE sh kAR AR e BB 16 18
1 LPCC # ¥ 3+ ¥ H % 4 2 7 42 (Euclidean



distance) ® Bl & 5 E AR (U AR R o AN -
POREME St 2 B g 2 R B o

1.2 #z % Sample-based 3 % = 8 0 R 7% 2
FHREES

TIMIT FA R At * Ropaenst i orde
1 sample-based § # 4 B @ RlF X F ok
5 oTIMIT ¢ 302" UE 4L 8 s sE 1 ch g
Z e s B i 172460 &2 62465 o ¥ >t
PR Rk e sample A B 5 2.27%10° &
829107 T3k - iR §F 1223
% =58> & § 5 1310 samples - 1 #3 8kL o

EAPRHRY 5 @y rERBLE
kP iFaE enshEl > KRR o Bk
P R TMRGE R ERIFEF N A B G
377998 ik £7 136452 B § % zhBEARPIE Ik o
3 0.16%:F F PR Bk § Tz E R e R
T ;%!’\Lﬁs?] » 2_ 18 e MLP-based =4 2k i P
® o MLP-based =4 8L 1 ] B 2_ 3 B 4R 4o b &
Srifoo ¥ REGRR A S A B K 75

R Bl T - R kR
3 H ML R R o IR RIEE TR I MD
VS.FA ' Bd R4c@B 4977 - Bl 4 Y o FA 2
# % (number of false alarm)/(number of actual
boundaries + number of false alarm) - & %3t
PRI EE A A WG 12.9%2 14% EERs - 4
T Bl 0 15.4% MD £ 2206FA v F o5 4p it
A [4)2 veat 0+ i P T % A% EER -

PRy Bl Rl A 1 el [ in
MSE (mean-squared error)4c ] 5 #751 o 2 i ¥
1’ ﬁ Pl p o 8 R =R EE R % o confidence 4%
BoREPLEDLR fﬁéﬁl ok FeAZR o F
#- MLP-based if ip] % ey 1 * = B4 ch
T o B €4 B B R B
B 2w dIge] ehds iy o

* A ek suer iR ) K e R s 4
42.94% 8 &2 A 1 fEZeenr B =8 fpEEZ 3] 80
i samples; 7 88.07%#+240 i samples =
Bz p oo w[d]? > 53 27%chh g 41
el — B frame p > 2 70%i8 gl d1 %k
drh gl £ §E 1 B frame(10ms)p » o pt ¥ 8
Apreri 3 2 BrrRRE o

RN 2 e i p B8 Y 2 e
WA E R E TCC-300 FHE tap #
phone-like unit =§ gLi&3e 1 i® > & % 3% RGE
THEREFRREE ST o

30% \\
25%

- \\
1056 —&— performance in
Refl4]
59 = Test

\

Training
%

0% 5% 10% 15% 20% 25% 30%

Bl 4~ 74k 212 4L i | Eocic B (MDvs. FA) » 2 ¢
(15.4%,22%) 5 %% F#L[4] 2 »cit -

0.9
0.8
0.7
0.6
0.5 1
0.4

Percenlage (%)

0.3

0.2

0.1

Absolute Deviation (ms)

S~ p B R A 1 dhe ey B R G5

1_@—5@0

[z =

I

13 BEF#HEZF FRRIRITLARS

L4

HE Y@ TIMIT R E ks
#r3% ) ¢ Sample-based boundary detection ;%
B eniplait 0§ Ao B30 TRE AL 2R
FEFE AL T R TRE Btk Bhic(Sample) ~ i R iE
# #p ek (Candidate) 12 2 ok P osr & R 2
% # % % % (Phone boundary) » # £ iE 12 & g
ARG EA R D E e RN
H EER »xit 0 ek - o

2o S TIMIT G R sz Tl

TIMIT corpus | Sample | Candidate Phone EER
boundary
Training part |226727341| 377998 172461 12.9%
Test part 82786737 | 136452 62466 14.0%

#F 0 L0 a2 s frame-based 2 v
Foo AP rustE 5ms ere R ERS R AR
i S Tt BRI ] e f b BT G dp e
BATE AARAS L F AP vt e B R oy
FoFERER G F AN bR PP
42.94% > 4p #83 t= % 88.07% > % ig*+ Rabiner



(27%/ 10ms, 70%/ 20ms) -

FA jﬁllﬁ,/PJA—‘kn%’* frame &= N385 3 4=

F % 10ms -

Test

5ms | 10ms | 15ms | Inthe sameframe|In 1 frame

42.94%)|75.84%|88.07% 41.38% 87.01%

Q) MissDetection A

FEaafl* 3 280 FEE5 050
B 2 F'&mv%l“ﬁli kit (7 LB E BT
AR GRS R AR R
i*’maﬂﬂﬁﬁﬂpaﬁwgﬁod%
T FEARASE A AP B R i g
FHERT A 04 S MD rate §5 g tE i
A/Iﬁ_‘@o" Zk}ﬂ}jv&%ﬁﬁfﬂy‘j‘%éﬂ’.ﬂ
BIRDPT AP I A R S AP A o B e
22 ~TIMIT PIZREHL Y AR AR B fdp e 273 e 3

S22 MDraeo #E* & £ & gt o & 3 0

Test MD rate (current and next)
Manners Same different

Stop 19.5% 17.5%
Affricates * 6.7%
Fricatives 31.6% 7.6%
Nasals 58.2% 18.9%
Glides 18.9% 20.4%
Vowels 33.3% 10.2%
Silence 69.2% 11.2%

(2) Test - FalseAlarm 4 44
—_Ef% L, ].}

ED R LR B

g f A2 Fase Alarm mF—’lf ’ &r
w Yo R BB MR EF
2 3R o
2w ~TIMIT BEZEARY 7 g 5 2 2 2 FArate
Manners FA rate Manners FA rate
Stop 13.59% Nasals 10.20%
Affricates 13.35% Glides 16.58%
Fricatives 15.01% Vowels 17.00%
Silence 13.35%

2. FFFPRLLGE FARBARFLRR
R

ARG R EEIR- BE JE"\
(superwsed)MLP B R HEE PR o 2 RAE
AR ELW PRI AE > H 2 BUBArE 6 -

HMM

Force Alignment
Segmentation result

Candidate Candidate
Pre-selection Target labeling

MLP-based phone-like
boundary detector

!

Viterbi search

Speech Signal | sample-based
———®| acoustic [
feature

Phone-like l
boundary

FREL 0 R AT

¥ B % 11 frame-based HMM 7 4.2+~
B ko O BB AT ATk D e 2 2 g
TE 2 MR AT G- AR TR D
RE# R S TCC-300 ¢ s h %3 TR EZ
S R RO B TR SANE R
e YR TR E P A 2 T RN
(gt » H v 3R a SRIREFE R - gL *
SAT %2 SA #jtv2. HMM phone aignment /i
A2 7 i HHMM H03) 18 38 17 50 20 8 2
rEZESE > iTE TCC-300 F#FHEZ 885 34
detr Bz R e

& 7 MLP = k18R] 3 {5 #-sample-based
MLP 4\;;“* &3 ) S g P 2. 2#%%%]"‘1#']
3 HMM 4= 47 355 % 2. & § 100 ms 4= Flp
xaﬁ Viterbi search 13| & i c*r 25 % - 1Y

FIES B AT RE AR
2 HMM 7 2 =% od TH B 7 B 82 7 »
AT d F B2 BlE rhg R E
BRI EHES &85 &L Famipigl £
:;-—‘g]ph:—a 7F7‘*mﬂim‘l;,;+3:m:tk#»_$r B 7
ST 2RI BBLAE e 2N F“”T FRARFHE
LSRRI SRR E T s A P
B RiFaFarkE.d iR EEE v HEY
# sample-based ¥4 Sdc s § MR 4

¢ it 208 o

B 6~ 6 MLP % 2 473

&
A

A AT HMM
TE, s AR A R T (£ T ) e
Lot Sz Tiad £ paRE I HMM
R AR R R THE L THE
54 10-20ms b el 0 B R F] A
% %434 m sample-based
R R A Far Rmip A
T2 Lo £ TR g FR

0 Bl AR

[
3‘ UJ\
i T ml4

« ik

mly
e
e s g
RO
=

#& HMM *» %]~ % 2 L33 £ { 4 2 &

3. ZEEHE2 initial-final Bk R B2

Lk R
Bt E Y o RTE R rRLHEY 2B




MR EAFN T FT E Y - B T
MR E T ”"‘HTF T he Tt 2\ e
#-w e FALE P & 42 sample-based s3F
BT g & oz B R B (phone
boundary detector)mlﬁsi a0 B Y E RGE
oY TR M

SRl B G BT RGE AR

E’Q_ﬁ.j\/}%l -Qd E’,"i\'ﬁkﬁﬂ;ﬁp‘{i—%
ERErd A IS AL BB EEE 0§ pLE

3 6607 » 32 5 20KHZ B~ 1 4E 5 2 16-bit2. H
Bgpomitst o5 AR A B A T s 7
PR R 0 B A Adobe Audition
10> #ig* E-Jpodb Fsh o ZFFH
ET:&FF:" R A S i SRR T
# " HMM force alignmentz_*» 2] i ¥ % iT3
F]’? o
A rd TIMIT B3F#F R A9 R
P AR ERER A R EEN SRS A
F3 BRI Bt oo 9d 3T R
A4 w4 HMM force alignment =7 2 i+
¥~ 7 - spectrogram 1 & iRl E 4 N A
i 3 2E2 likelihood(#= B &-1~1 2. & > #
s LRFaMdidbr ipry o B85-17
fofE B ) B ARRER DR T HE
IAPEFEFZER G RPEAVEE S
gy T ;ﬁd ig BERTE (threshold)iL
Tl g upE ”LF@TJ Mz WplER BN ES
APV RER CEA G- KRS Rl
B R L A ipig a2 mplebased
IS SHET A BIE S R e
BB DB R ol Sk S

3 =N %P*l Fe endik 3 B> 18R BB e id iR
Py P AR @ ’f']} B 5 = K 3% q 2 5o
SR SRR R R B RE
e 2 B R SRR DR
TR TS BRI R koo
?‘”ﬁf— 2 A R AR ER AT R
h 2 ““%WLW@Lﬁﬂﬁﬁﬁiﬁ
Bl 9 Y 2zid qEp I (g e 7
ort pause » StOp(g)ffT? Tt g (e)% 3

|

W.mlﬂv o ;«?E\gp\-')ﬁ\-\' EY)

A 3E 0 AP ik R force alignment 7 2 i
BRI B BEARE R EF R
Alew FBE M - m:]‘iﬂ y AL T AR

OFI > f=p g -

FI* m i TCC-300 :# 4L B #7322 2. p
%ﬁmz““ﬁﬁ*ﬁ*ﬁi*m;?$$
FLE i A H 3l £ Ry gk
B H =7 o £3F 5 initid-fina ¥ =0 faig
IR 3 L8 TR

TR EAES BER A kot
g H B R S 8 HMM 60 2] i % - )

11~ B 122 ¢ > ¥ o [F] B2 BlE AR -
PRG-I G2 FERA T T I 232/
%%%&ﬁiﬁ%ﬂL¢m1}ﬁ I
Bt waaigal A d 2 kaFg 3 Nm
BB A HP R EA P RBL A KD
RE RGBT I E Y AR
WA ERHMM 7 3] =% 4 38a %250
VAT AR L SRR REFH P Bk
Ll ”"&”'Tp ZLor —fuj?f j\/pnwhﬁ_i;tﬂzl
po# T 'f’ﬂb“f'"&z")i’*a‘%'J p ¥ fRge
BR o

4. Sample-based weighted spectral
KL distance

d Lo Arit > AP sk 0 2. sample-based
%% %81 > B sub-band signal envelope ?
A o Rmige subband FHEF A G &
oo BB FHERITE R o kb g ¢ Bt B 5\\
[REERLEAS I

AR TR R Sl B dp 1
3 BB AMH R L B 5 spectra KL

mam% FRE LA GERL P HT
i BAxL o H %:Qgtlﬁ_ﬂ'flﬁ* N z\—g“unfs:g
HMEARG VA ARG R B T
‘\: o

I

6
dKL[n]=Z(E[n]—E[n+11)Iog[ S ]()

= Eln+1]
H¥¢ E[n 5% ng2% i sub-band signal
envelope &t it 2_ {5 ey 3 o

Flet oo = AN A B2 spectral KL

distance sng=w| 42 & 0 @ (B30 F & o Bhenix
EEkan L E g"f”“w“"jxj“@}f’ b3 F
BLenigiE R ek e E DG 2R R gt
it °© %% weighted entropy LA [16] ) 2\ i
#- spectral KL distance & - % #= 7 weighted
spectral KL distance, weighted spectral KL
distance %_3 % & 1 sub-band 3 F $H 2 4t
BwW R E o hoT N

E[n]
e [r= 3w (Efn]- [n+1])|og[5[n+1]j

i=1

6
=2 WX, (5)

i=1
>FT R R B & A 4 3 (Minimum
Classification Error, MCE)[17] > i# & % ip|d
sample-based #-% % #c2_ = 1 sub-band signal
envelope *+ ¥ #1 ¥ | weighted sub-band



spectral KL distancex,; 2 “c & W = # ¥
d 4e gt E {8 9718 B eh weighted spectral KL
distance ¥+ § Z R B W P2 FW AR F { iE
SRk Sl

& MCE #&| 830~ 2 p 1 &7 A
B2 BIRA O A K FEN D R
& 55 & pl(Misclassification measure) > 4% % 1 *
4 % & #c(loss function) & % 7= H & #g e Fx
B S A N W SRS W R LA+ p - Al
1 o R HCA] Solicod bt AN PR SV A e

TR

Mm{zfmzﬂmﬂ+2%fW%ZW¥ﬂ}

X, NB x,eB
(6)
A & Y S L TR P

ek gpwl s B 2hg RxREkaps o NB - i
5 % =2k 1 Rl ik ¥ % (hypothesis) T_%
d, > # m & BEX (null hypothesis)z% i iE =4 B %
3 % ek @ ¥ ek (aternate hypothesis) %
T FEIE R R LY 2T F sk
HO:d,=+1
d = (7
Hi:d, =-1

6
Do s E A ) w=1> 0Sw <1

i=1
2524 o
¥eb o ZI 4 Sk s sigmoid function
ST O A Sl R
f(X)= !
1+ exp(—c(X — X))
# ¢ sigmoid function $f /& I &3 § & % [0,1]
gk I WEASTE RN I A ;Jra‘rH ;M C
- ,;ﬁ{;xﬁﬁtxrnfnnpﬁkmf]ﬂ k% E
HEped Kﬁdﬁgj ~ sigmoid functlon AT i J2 £
B E X & T Sl X AR AT 2 BB ]
B EE o
HEI A G EW S SRR
X 0 A B R 2 (Steepest Descent
Method) % & & fP~5 if

SefE B W
Vw =c-d, - f (dw, [n])(1- f (dw[n]))

W (an _dWKL[n]) (9)
Vx, =—c-d, - f (dw [n])(1- f(aw [n])) (10)

)

WD = W 4+ 1 Yl

X, = x 09 4 g7 Yy ®

HY o ou sy S F#k (Stepsize) -
A p g R & spectral KL distance 4

oo #¥-CcW T 5 50F BYig & F fiez 47408

(11)

% 0.2> = B sub-bandspectral KL distance 2. 4«
BEX P

Bis2Z F%EFEAPEINHELI S B
sub-band 4 4 1B o 4@ 13 #ror 0 NPT
—%Ha;—-x]}.%?% 4c’f§m§y\—t’d§ﬁfa%"[§
HFEZ L BRI A e 2%
HEEAPHITH BAEF ) 22§ 2
t%mﬁ% FEEIRIAS

REEBIREIAF VI g NHEAEL

§—! ﬁ,n R 3R 0 e R 18 hs H
— 3R o - ¢ K-t weighted spectral KL
distance it — # * 3+ F H b gL jp| B¢ o

The weights of sub-band
0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

band1l band2 band3 band4 band5 bandé

s e acts o RS B sub-band chte fE &

LT

At 48 0 - sample-based 573 3 Sdc
(acoustic feature, AP) > % i 4 3 i
sample-based e73% 5 S g FepEL i p R ¢
2 % o I L HFE 2 r'ww’}'&ﬁ—l—ﬁq%&
i T:r?‘;%’f » & w4 TCC-300 FE AL E #a
poEe iR AR RRT 1 TE X RIT I REE
%‘%—*‘”lhﬂﬁﬁ*%wﬁ?VEW+
A%Emma®%%%ﬁ£ﬁ$@waéé
Benig s o

N S L

B HE TP OTIIR IR B HE
% o sample-based 73 § %
FREEW R R Y 2 sna M- e

FEEFFEREEIRES B 11‘%
T o 4w $ TCC-300 FLE fap # i
%—:%%*%W——'F’Tﬁi'tﬂl F%F%Eljwf 'E
F2ZWPBEHLFFRLEIAFHE 2D
porhEiET 2 RO ZER SR
¥ 37 TCC-300 3 #L & #ap # phone-like unit
HEb2e 5% & 3 £ 3 ROCLING-2009[18] -

F g‘t""vﬂc

[1] C-H. Lee, “From knowledge-ignorant to
knowledge-rich modeling: A new speech research

HAi 2 %

\,~4‘Hxﬁ

oo
J =l '“El‘;}' E mly m



(2

(4]

(6]

paradigm for
recognition,”
2004.
Jen-Wei Kuo and Hsin-min  Wang, "Minimum
Boundary Error Training for Automatic Phonetic
Segmentation,” The Ninth International Conference
on Spoken Language Processing (Interspeech 2006 -
ICSLP), September 2006.

Toledano, D.T.; Gomez, L.A.H.; Grande, L.V.,
"Automatic phonetic segmentation,” Speech and
Audio Processing, |IEEE Transactions on , vol.11,
no.6, pp. 617-625, Nov. 2003.

Sorin Dusan and Lawrence Rabiner, “On the Relation
between Maximum Spectral Transition Positions and
Phone Boundaries, ”, in Proc. Interspeech 2006, pp.
17-21.

Almpanidis, G., Kotti, M., Kotropoulos, and C.,
"Robust Detection of Phone Boundaries Using Model
Selection Criteria With Few Observations," |EEE
Transactions on Audio, Speech, and Language
Processing, vol.17, no.2, pp.287-298, Feb. 2009.
Sharlene A. Liu, “ Landmark detection for distinctive
feature-based speech recognition, “, J. Acoust. Soc.
Am. 100 (5), November 1996, pp. 3417-3430.
Hasegawa-Johnson, etc. "Landmark-Based Speech
Recognition: Report of the 2004 Johns Hopkins
Summer Workshop," Acoustics, Speech, and Sgnal
Processing, 2005. ICASSP 2005. vol.1, no., pp.
213-216, March 18-23, 2005

H. Misra, S. Ikbal, H. Bourlard, and H. Hermansky,
“Spectral entropy based feature for robust ASR,”, in
Proc. ICASSP 2004, pp. 193-196.

Jialin Shen, Jeih-weih Hung, Lin-shan Lee, "Robust
Entropy-based Endpoint Detection for Speech
Recognition in Noisy Environments', Proc. ICSLP
1998.

next generation automatic speech
Proc. ICSLP2004, Keynote speech,

[10] C.H. Lee, M.A. Clements, S. Dusan, E. Fosler-Lussier,

K. Johnson, B.H. Juang, L. R. Rabiner, “ An overview
on automatic speech attribute transcription (ASAT), " ,
Inter Soeech 2007.

[11] Paul Mermeilsteinu, “ A Phonetic-Context Controlled

Strategy for Segmentation and Phonetic labeling of
Speech, “, IEEE Trans. On ASSP, Vol. ASSP-23, No.
1, pp. 79-82, Feb. 1975.

[12] H. Hermansky, N. Morgan, “ RASTA processing of

[13] Mari

[14] Eric A. Wan, “ Neural Network Classification :

speech, “, IEEE Trans. On SAP, Vol. 2, No. 4, pp.
578-589, Oct., 1994.

Ostendorf, Salim Roukos, A Stochastic
Segment Model for Phoneme-based Continuous
Speech Recognition, “ |IEEE Trans. On ASSP, Val. 37,
No. 12, pp. 1857-1869, Dec., 1989.

A
Bayesian Interpolation, “, IEEE Trans. On Neura
Network, Vol. 1, No. 4, Dec. 1990.

[15] Yih-Ru Wang, “ The signal change-point detection

using the high-order dtatistics of log-likelihood
difference functions, “, ICASSP 2008, pp.

4381-4384, April, 2008.

[16] Li Lao, Xiaoming Wu, Lingpeng Cheng, Xuefeng

[17] B.-H. Juang, and

[18] You-Yu Lin,

Zhu. “Maximum weighted entropy clustering
agorithm, ", Proceedings of the 2006 IEEE
International conference on Networking, Sensing and
Control, 2006, 1022-1025.

S.  Katagiri, “Discriminative
learning for minimum error classification”, IEEE
Trans. Speech and Audio Processing, vol. 40, no. 12,
pp. 3043-3054, Dec 1992.

Yih-Ru Wang, Sample-based
Phone-like Unit Automatic Labeling in Mandarin
Speech, “, Proc. of ROCLING 2009, Taichung, ROC.
pp. 137-149, Sept. 2009.

“

_1a | spl Zh»l o xhia anis] nalsn| st ou xhial BTMA' """""" ng
Lants | silspl zhl ;l x‘ :':yna_ngl m;l spl gl Oyl X‘ Yilé:_nu‘ nngl
15536 L e
i AR N
-22531‘
kH el Afifeaty
25- K d_-. iy :w{;t,f: il ! .....g""
1100 e Ty =
— i P I P S oo 2114411 PPN [ bbbt
cima | U7 U.B0 b5 U U.¥s L. U "E.US " L.1U I.4s .20 L ¢ L. @0 Lf.ss i.90 L. 46 L 80 .58 L bU "L bb I 70 L. b I.w0 _iml

B 7 FFFe5 AABERIZ0F 4 P37 OB A S LT RFFAEHMM 2 28 2§ % R0l 27 B

Bk A

_iee | an| nal |

Labee | WioI

"""'“y.i;:a_nl nnl i

LUk b

B8 RFiF e 5 AABMRIZ G|+ - d P37 WAL S LT RFFAEHMM 2 B2 8 2 5 F 80l 27 3=

B o) AT

-

%1

~ HMM frame-based £2 MLP sample-based *» ] i~ % 24

8

T3 E

=
B



#Fg R HMM frame-based | MLP sample-based

BE5  Stop 4.96 2.62

5 Nasal 5.95 4.46

B3 Fricative 11.13 8.75

B 8.92 7.13
Affricate

H Liquid 6.23 2.70

1labOr g _a a h e = g e = v _ul ulk © i

26550

0.2}
0.4}
0.6}

BlO-2ZZ o R38R 63 > d 1 37 hBl254 5 % 2 HMM force alignment ¢*» 2] i+ % ~ ;& 25 - spectrogram
ME R RIER N %8 R 22 likelihood »

.1apoz|1z 4s = =y ung s ss| gal el 4w ung
26284

0.6 -
-0.8

time Jriss 17 60 17 5 17.70 17.75 17.80 17.85 17.90 17.35 18 o0 18.05 18 10 18 15 18.70 18.25 18.30 18.35 18 40 18 45 18.50 18 55 18.60 18 &

JIRINI M

B10-2FF o BRF 28R 2 6039 37 anRlA54 8] 8 & HMM force aignment #*7 2] i+ % ~ ;% 2} ~ spectrogram
A i ;?vJ&F;,@?J 13 & R gz likelihood -



Aol | b I gt | "".P

e
4. VI I i
1 ﬁ--'@w-.-‘--;.- HAb L1 E bbb b
el mirsonee N | eV A aeeoepand
o o RN g T YA Y T I ST

mime | 38 ms 28 w0 2ess 33 00 3908 3330 3918 39,70 79 35 33 30 39 3% 39 40 I8 45 I3 50 39 EE I8 60 I3 5 3570 I8.75 I8 80 39 BE 35 80 I8 S5 3000 3008 3510 3o
W1 23308 FRBARL 0T d 3T HRA A S AT HMM 27 22§ 2 5 Fehghilipl2 > 2= F 42
TR

’

[ o -s B
.1ap | | | 5
26550
"
-20436
kHZ—L r| r“lrll ‘IW |
&l (RN TR 1 A
il Hn I‘I i {
4 L Ll 1
| {EiL D ’
ER N Lkl W il
il
||
1‘_‘/_‘L ':W gom— T Iy
time 2',0 i 32',1 i 32‘,2 i 32.,3 32',-! i 32‘,5 i 32‘,6 32',7 2‘,8_ i 32‘,9 SE.JJ i ES‘,l i
ime

>

B12-2FF 05 20 R2Z6F 04 2 2T PRI A S &7 HMM 7 228 2 § 2480 pl2 7 3 =% ~ 3~
A -

10



