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Abstract

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

In the next-generation automatic speech recognition paradigm, two types of speech detectors, i.e.,
landmark (to find the articulation 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. Especially, landmark detectors are the most important front-end for the following “event

merge” and “evidence verification” stages.

In this project, we will focus on developing accurate and reliable landmark detectors and studying
the optimal way to integrate them with our well-established attribute detectors (done in previous
projects). The following items will be carefully studied and implemented:

(1) Phone boundary detector using sample-based acoustic parameter —
High-resolution sample-based landmark detectors will be developed using articulation
parameters. The sample-based acoustic features were proposed to model the rapid spectral
changes in speech signal. Both the precision and accuracy of the sample-based phone boundary
detector were shown to be better than those of frame-based algorithms.

(2) Force alignment of Mandarin —
The proposed sample-based acoustic features were also used in the force alignment of Mandarin
speech, two databases, TCC-300 and Treebank databases were force aligmnet in this project.
And, the phonetic unit used in the project was the phone-like units.

(3) Force alignment of Hakka —
Hakka were the most frequently used dialects in Taiwan. In this project, the cross-dialect
capacities of the proposed sample-based acoustic festures were cross-examined using Hakka
dialects database.

(4) Applications of phone boundary detector using sample-based acoustic parameter —
After phone boundary detection, the speech signal was cut into segments by the boundary
candidates. Some segmental parameters found from the sample-based acoustic parameter were
used for the pronunciation manner recognition. The accuracy was proved better than the result
using frame-based parameters, like MFCC.



In brief summary, the cross-dialect boundary and attribute detector proposed in this sub-project
will provide other sub-projects the necessary components to successfully build the next-generation
automatic speech recognition paradigm. Moreover, the proposed sample-based acoustic parameters

will be cross-examined with linguistic knowledge.
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BF o MG oE 4*“#&—‘ G ELT, oM Y F R %fuﬁ’»fiﬁé; ¥ = ¢ phone boundary detector

<R R P Rl R

‘En

¥

o

- - - - ———

/

1 \‘

1

o ey 1

Speech sienal ! o Segment-based system
Speechsignal | Speech Attribution i :

. > >

: Detectors 1

. I

! 1

: Syrichronous “clock” 1

| for the system :

1 | PhoneBoundary |

! Detector 1

\ /

\ i

- -

Detection-based ASR, CALL system

B 1.1: @ * phone boundary detection =l # 3% 5 345 % T £ B
9



§3l'ii B‘ﬁﬁgba %Féféﬁﬂt

BAEF B S e A E TR ORI EY Sk < L B W AR B P
%’aﬁﬁiﬁﬁﬁééﬁ"*@#&ﬁwawwnﬁﬁﬁﬁiﬁ@ﬂi%%%%&ﬁﬁ—
BPHEIE FIEVAT R I IS UE 28 PRSI AN S o= ’P%{mﬁﬁ
Slico § 1T BN R PR —q%ﬁ%pcmﬁ—%}i’— f2E R P REE D S AT
P;Mz}i o fe B F E AR EL b e FRPIFEI R E T FH G %{mﬁr}yg;ﬁ;w;
Howml o 2EFEFRRIEFERO FENZEFFE AR > F 2R TRRE
TAEPRAER (0 E R R AERB B 2 WAL RL AP E R YRR A H
FETR N OEF Sl TR AT FTRN LG FARBORIME pRg R aRSE Y
R

21 PR B BF L E P

A H B - BB R Sfiched A B2 12 54 34[9] (sub-band signal envelope )

1 %19] (rate of rise - ROR) ~ #7 3% % [10] (spectral entropy ) ~ #7 3% KL ged3 (spectral KL

distance) » & & -7 R 1Y i 2 BF S P URR A FER GRS ET B
Pt BFERNPEFHEELRP o UT 0 B H AR AT L TR Y GnFF PRk

2.1.1 & "'}%—& )wﬁsi‘]'

BT ERETRANOES S8 > 3F A B £ (band-energy) > T P & B o
PRFG A FE R N AEF = o F R £[9] (filterbank) 3 T o

0.0-0.4kHz 08-15kHz 1.2-2.0kHz
2.0-35kHz 35-5.0kHz 5.0-8.0 kHz

FY o AAEEY 2 FME SR B MRS A B REE#

FipEN AR F AR AMEE NS PR BB GBI RY N A PR R

FALG AR LB ARy 3 o R T FRATR Y P EF S8cL 5L 4 (signal

envelope ) @ LI 2 3F 5 PR B ¥ F Gl £ o @ A P RS BARER S BN U ek 4T R F
l't‘ﬂ\lﬂi“ LRSSt m§‘§ 2 Hc o

A T - 11; A 4t B ® (envelope detector) ehfe P > 5 7 iR3F AL 38V PRz S LN T

FER B LA AR R T LR Lk A 3 50 R Y K g %4 (Hilbert

10



transform ) XT»B’»@%] et i E - B g ez B P HXN)) 5 ﬁ%] ~ 55 X[n] en
AR R p o RELIEZ A EXN] A HND) T T F RITR Y S ELk A

L

y,[n]=x[n]+ j(Xi[n]®hd [n])=ei[n] el fori=1-.-,6

Ho
1 {n—N)z ,n I s<nedNd
hy[n] = ( ) . (2-1)
, otherwise
@21""m;¥37p po S AT R ﬁ%] EE &3 o BELR R e IR

:I—
B BRPF AL 5P B OB T RS A TR %%%mm%’gzﬁ mBELRES R’ 2 BAEE
LEESPART I T'II\'LL/}ML#Y']{&% WA H g & oo

| N

| d e ] em d ee]as] | w4 w
2423 l\‘
i .

- [ e .IL_%LLLUu iddpess LPA n
T

300 -|

600 -|

o] /\

202 0] — T e T A AT -._-/_\_ /,____//—"_\k_

—

3
A

Bl21: i A 3T S8t d L 2T ANEATF R AL A S ERRsd 3
R~ FER 5%~ § % #upr (pitch contour) ~ 32§ 5 5L i 3

Yoo Y RFR GR AR IR RS AR ER( A A 3RO BRESREF )
HEFAFF RLnPFPEeg ai b PAL FRBRDHBES LE X33 G557
Bl REAINIRT EIFHEF AT AL L E o ZW LA ariE 2 B %ﬁﬁ B
FEA e R B enitid gk BAEE (passband bandwidth ) ~ # JE 47 5 cnge AL F RE T H i
PRI K2 P dod §HEDIET - BT, P E R Mgk B4 R & 30Hz 1 50Hz
2R r gl 2 gk FlAE AFS CRAHOENSE R 2 AL R AR
ArE A e 2 gk BRFER R S > B 22 WA D L riE 2 BB % o

11



] 40 Hz

2nni\/\/—\/\ . /N P

800 |

600 |

2”°im AN W ST

200
&00 |
400
200 | /\\ /\w[\/\[\[\/\/\m‘

_sEn | =/ ax | = paul ax| ey x| | aaas| | e | | aal  m|
2423

-1852

cime |o 1as 150 155 1.s0 1.'ss 170 1.7s 1.0 1.ss i.s0 155 z_oo 2 05 210 2o 2_z0 2. 25 2_30
Hz
100 -

| CE

W 220 7 b P 4TI B8 % 0 d P 3T A u AR e R R ¥ 40HZ 2 641
P~ 3211 ~ 161 1 M jp ik Bt § BOLAHE MR R - § AR B X SR Reae 3
®H o~ 3EH G5~ § % #upr (pitch contour)

212 +H &

N

AT RO A F T ik HE G BF SRS D TR SR
BB ELAFIRT i3 ahg BB R R S TV HEY RN BT F k-
P RY b P e (time derlvatlves) ST dE B S I rmm % & (window width) p » % n &2~
thgEen ) < 5 ROR,[N] i 93 1 s iy ~ St B 40 30

A'

ﬁ-qmﬂ

ROR [n]=i= (2-2)

>

i=—w

=>L1

w

o XINH] S~ FEFH W R E A SR T TR AP R YR R
Fent A CHEEg 2 P S BRI GRS ent 2 KR ITEF RRLOEE S k3
LT RBN B SR 5 o

m@ﬁATQZB U%md&aﬁﬂﬁ’ﬁ%*gaijﬁﬁ @,4 prigE o
EaREAITAS FRE ~ i@ (local maximum) 2_ =Bk o Byt 2. b A 4 ¥ 1
%’%\Aﬁ%%& m%%ﬁﬁ’wﬁﬁﬁ*ﬁ%%¢a*%ﬁmﬂ%aﬁﬁiaﬁﬁﬁ
A AR AIA G CRER I R EOF FRESE . N RFOEY S
ﬁ’%ﬂﬁﬂﬁ%%&iﬁ¢éﬁﬁm LA TRARA P YT LRGSR T

L
\%?{x-
z,a;\&

12



FAFRLUBIIHESF BHRE AR H T L ik o 4ol 2.4 AR gk i 2 F
T ICE > B W (spectrogram ) g 4 SRR ALA » GRH L LG BLA I ] R

ERRER A

BAEE . ? 2 o fid R (R)EB(AR) EESEREAZRL A F4x3
BEE BREZ A A FLANE S B2 BB B EFLRAHEH R F A
Ao RPN AR SECE T - RO R e A - RERERER- B g3

B BT H T

o
WA LR
#Hom o
%F_\hu

2.3 1 D5 B Sl 12 5 pol o o

WH R R B

3

ER I EE S T I

B

= A A &= N &> AL

13

&
;$:

. | ke an| in o aea| 4 e iyl
2318
iy W l_
-1480
kHz [k ! "
i mlmml'ii'l : I
%9 Wiy MY i It
21 loielind ' g
[obbpbibers: brbeeres.
1500 -
1000 |
500
| L |~
4|
2
0- _/\_,——\/ L [ ——— mr—/d I
-2
a
\\\}44444444u«ﬂ~4||.--u-..,44~.4.wh== } — N ™ B

PE I e 9% 3



(o] =] I o Lo 4] - el =] el 4 o = o]
i o= e
:: Y"“mu“mhm & T il {{ (g
2 fiddndadidy ) b Er i
i . pufq r%\ ,waf%_
04 /]
i W YN N
LA JJkﬂﬁfguﬁ\¥x/fA,/y(_\/\\Ji
\]m—mdu-—--»——w — il SR s B
B 24 NI MEGRAHES Spo o d P 2T UL E AR L S ER e
Y FHEE FF R RS B Y- BHRLZGERAIAF

2.1.3 HEHE

~

BHFT P R R A hE P 2 0 FRR EF T

AR FAR ] o gt o AFTF R F AT AT 2
H, [n]=-2>_E[n]log(E[n])

Ei[n]zs—
>e,

J
i1

He

Eln] = % i BAEE 2 % n B it 2 wm—rai;-ﬁ,‘; Bt o

FaeR 25 WU B BERAE 5 P ‘%Hr’ﬁ 3

Bt g NI SrrUE O BRE LT R e A R JP 5

ﬂﬁﬁﬁﬁﬁ’ﬂﬁﬁ@aw%m@okﬁ%,w$ﬁﬁ@¢
14

-m\

7
'VF

s

1=

~

EI

5

23 %m o drd F e A i

ELASRE Y Bk - AR

AR MEHF H[n] &4 E T

(2-3)

(2-4)

f %';u?f}@ J”;F‘ P‘H‘ ’1’ ek IR

g

BRRE Y O T

R S e



B ensgds o ST Nl 2 5

| wa] 1 o o S| o - ale] ) J e 4 o ol
2318
N **: |
1480
kHz ol 1 | i . F’ B o
1) S U b
N i o Xt TG @ Wi -
. o, ) m R - (i
! .

e
T A \/\/J’_\/\f_‘\f \\‘\J*\/ﬁ\fx*“ —~_/
Vad

N A A AT N

il

| |

Bl 25 BN B E Sl b d L I T MEATF AL A S ERREa 36
BN ES R BER R L A2

2.1.3 43 KL sedg

BATHAR S — BRI A R R FItE ) SE 3 KL BEAE Ky it S PR R R 2 4F o
ABIARR o AR BELY 3 E A B (N & m)eaE i KL RS d (n,m) > ¥ ud TSN

3+ = .
T

dy, [n.m]= Z(E[n] E[m])log( [[”]]j (2-5)

BRET DS R ARMER BB A A G L RIH5) R R e

_~ Ei[n]
de [N ]_;(E[n] E[n+1])|og[Ei[n+1]j (2-6)

Pl R BF e 2RI eRFRL O REFARE F2ES B
B IMEF DL T RF AR o A KLEERE T AR & 2 F adp vz > 2 2t
- REZHFHEG - RMEIRAGD § HA - BerUiE (threshold) > T+ 4~ 3+ (B 5] - &
7] (sequence) ‘o #F e KL gEH#7He:E Nk 8 5 5 287 o fhenie g o

ol BRI LR BRI A AL TGRS BRI w267 F-F AP
ZHFHC L, T AR ETARE > T A g 2 EEORS S AT LR L RAEH
KL BE3Lp &3 < o

15



e | | ] o] Jea] o o wea ] o e 4 | = |

2318
i by ) o

-1480
kHZ7_ — : . hl

I8 e I

B M TARa T

- R i (R

= - o —

e

= /\,\,A N\ j\f‘ - VL. A P L 1
\J—H—-ﬂn-——»——w } lllll = _ .

B12.6 0 Pt o8 KL BESLHS S 8cfe ] d 2 2T A0 AR5 3K m X LB Reg
T FEB > FE B BSR4 KL R

g A 211 &k e R B N M ik B2 PO BEFR AN 2 B g

FI% L AFEA At B ke sk KL BEdS F 4o T B 2.7 chEL B ARY AT BRI
%ﬁ%%%%ﬁ%’Eﬁ%KLE$m<+ﬂ@%%“%£%§m1&»gﬁﬁoﬁ”%%
TWUERPE - AAG F2 i ERB bR AL o § R ixE R > Hgahse
e AR NG ELOE < g e p ¥ g ‘%«%QH'”T T2 s firm % 5 A iy
%mﬂa’%mwixiw ’ PRAGERBAI N TR L AR 2B
HAg s KL gedp b % ;@,@?a%ﬁﬁﬁgﬁﬂﬂﬁﬁﬁzﬁ%ﬁ%%o

a5

*'%a
A
é??é
g T
% =
&

VAR £ 0 L) mﬁ!}@.ﬁ‘;«_&_ ﬁ‘“’*iﬁ' G h BT I AND 2 R AR AR | e B
# (trade-off) » i F| & i el % o
AU b AT 2 PR ERN B B A BB Slicant D% AE

o
-
pijud

4y

=
+\'\'\

—_
P

= KL FE4E % 3 5 %ﬁ%&m
FHEE S BALE TS S S A 2

%'Ei %’i%lb mféfnf s ¥ uﬁ%‘lf"}i

)
i
= »
oo
3
e
F_&

é&-/ﬂ%

E]
K2
el
(w
hpas}
3\

16



H»>»5%1II B & X

WASVIV W

P -

J\ o P

A

AN

PO,V J’\ﬂ\f\n fkj\n INA AN

;

b

paul sx|

kcfhmwwm

3

2423

WEpy

| PR
e ) i "

PEREU

1 \
Sy

AN

:wmtsnm

unnrrrirt'.

1.35  1.30

1.

as 150 1.ss 1.0 1.es 1.70 1.7 1.80 1.5 1.%0 1.95

z.00

2.05  2.10 =2.15 2.20 2.25

ol NI

T

rrrrr

TTTen e
T

Bl 2.7 1 7 ke Fp iz 446 R B 3 KL pE& g if‘ d

40Hz z ~ 321 FF ~ 161 FF FIR i g it ‘3?%] R

641 fz

>

ZALEREITm Y ~F 5

17

z

I H*

LA

RIS &8 3l

J_

¥ g KL sedg -
f—\:_» ho Y %‘;‘H’ )

|
"Ei

E
*

K 2



EF FRRRRBEAREF

<—‘J-%|:‘ =AY DA = ‘;;fg%—%—;—igg,sf Big ——g—%«ﬂ],‘;,g/?q {Bﬁj %IA}
ﬁ€mﬁﬁaaﬁﬂéaﬁﬂibﬁklﬁ~§% BBET R S A
Mt o g;tgffc B3 A1 od =g aggili TIMIT 2555 % 2 8L B & o

—_

BATIMITEZHE M A

*3+F ¢ 12 TIMIT[8] (The DARPA TIMIT Acoustic-Phonetic Continuous Speech Corpus -
TIMIT) R ETE A& F e rdr2 3R TIMITZHREIZ > P 25 0335 (read
speech) #rie= o @ FHE Y g P FF o % Ad L RE (Texas Instruments » TI) ~

? 1 & (Massachusetts Institute of Technology » MIT) 2 ¢ & W= 3 il 2 ( Stanford
Research Institute » SRI) k% k3t m & o B EdnF 0 AL REBHF 2 F7? FFE 4
FPHIGUSFTIHE e RIFREFAIHZ NI -

TIMIT - E¢ e 73 6300 Iﬁ;\ap Ao ipEF o ANEd FRIE AR FC A
(Dialect) # % =630 3% ﬂ » & (PIT X il FF 10 BE oA X o FREZ O AT
16kHz 2. B~ 5 55 16 = B i R4 H ¥3p 3 450 3 FhdhsE 5 1024 =~ e (byte ) 123k &
FEFRRL AL R o

ERFEFIF N0 BFAC 2FAHY 0 ¢ F 2037 (SA) Fa 0 KR B
% 32 F’ g \g_ﬂ 5 ¢ phonetically- compact (SX)#w» 27 5B 2 :':Iii*i?:“ it 59 4p
i7 5 2 3 & phonetically-diverse (SI) 3% ¢ > HE o ZU8E FFIR G o2 FEEF R D
ke hod W2 32 E (Brown Corpus » Kuchera and Francis » 1967 ) % % -

TIMITFHRER 3 %323 M2FR A1 ERFIENFREM ZFTARRERE
e FHBEHRT FA &2 A ;;E%FH o FE B HER TP % (word level ) 2
% % (phonelevel) thx ZA R EFE s B @ TIMITEZRES 2 - BT 2 kFEELNLHF2 T
WA E2Z BEEFIAAMAL > DAL T SRBHIES S 2N ATE R RS ST

B o

4
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IPERES S E RN TR S8 il A S o S eS|
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Pz 32867 6L B33 4oeh- 3 2K52FEAFIHEI 2 E
Tiedm & o REANF FABTRTEBERRZES CLNRFE T3 235 D2 ERE
AHMBEE N IS 2 FP I TL B g JIF L RAPT R RS T
Wl e @ aBEd (stopconsonant) g F il B BA A S o AR AL R
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Azdepr i (voice onsettime » VOT) » dp s 3Rk 5 & IR ISR L TR [P 7 > 55 5 1§ 4t
FE BT LIS R R = 35 e R BN 0 S R i
L4 FEt hLB ok TIMIT s 2 BT °¢‘”Lﬁ LAk o
o w RS L R T E BT & iR R H M i B ke T 4 3

¥oek o e aeiE #3F 5 consonant-vowel-consonant 2 & &4 0 fj fL 5 CVC o blde
(rimestructure) # -+ ¥ § &2 cat> # 3 &8 (onset) 2" § &L a” 5 &k
(coda) 5" @+ 4 2 CVC § &SP hizB 2 b ¢ U5+ 7 4pk > A3 H 23
FERE R RS A PR fRE S A AR O B R E I R AR Bt 6
P AR SRS R

K
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-PﬂNl GV‘ ﬂ‘ Cll ze sl kcl‘ ml 1)" ccl‘ |:| :Lx‘ kcll 3 eh 3 iy ixl nl a

-1533

B3Ll: &k sz~ FHRPEFF TN S FF e

7 31 B g H 2 mRER e .
stops b d g p t k jh ch

closure intervals bcl dcl gcl pcl tcl kel dcl tcl

TIMIT ZFHL R 2. 9 RGEAL & Rkl 4o B 5 462 u:;%ﬁ& 4620 B3 &2 168 1”;%'-—%"
1680 B 3% e 72 4/ =0 AFHEP R FER B2 FTEB DA E%Fé*ﬁ—??:if“rp DRE
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gL (T)~ 23 %32 (nT) > #9773 d FE457:% (Candidate Pre-selection) #if B~
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*’Liﬂri‘ﬁa‘* GHEE A A e TIMIT FRE TR E2 A SFFRead? F
BT EF 20 P B A 47 4 1 2 ﬁ? Bk LER IR N REE- B
BL R B o I * RIS hF BRI BRI B A REFF R gaip o 7
BhAEEEATT R E AN o B3 HVURT B REE Rk 2 SRR 0 A L4 B BE Sl
2R BB Z RS A B .

Feature Extraction Iterative Training

Manual
Segmentation

Speech Signa,  sample- ; ; )
ple-based Candidate Candidate MLP-based Phone
Acoustic Feature Pre-selection Target Labeling ™ Boundary Detector
Viterbi Search

BI3L:ie® 5 A Bfhs

ml4

o ER R E

3.2.1 ¥ BLiE:F —',5 2_FEPeiE 3 ;8 (Candidate Pre-selection)

B"’}ig&vi\‘ E"h'f %*w%fﬁ/? ?1‘3’]‘#"4 "ﬁiﬁi’; * ;’Lf-’r P\?'tfv '_'%i.;r ’1‘1‘!’ 7 E’*’fi-&»;\ %\? Kﬁ';;,
KRIEFI6BFMEGE A BELL NI AL - P HERE Y T - By e T
ERERE 6 BIARET Bupk 3 T A L - BRI 2 TRILE

=N A5 A AR B3 T BN
g B bldoiein o

e[n] e [n]
5 ' T >1
En]=1 2. > eln (3-1)
j=1 j=1
1, otherwise
FEER GHY BT Sl 120 50 F 0 BRI B P E R S m? U SR
i FEEH Thok 2.1.3 & 1kt o ﬁd FE?E? T - BRRLE (Thy ) 77 2 RPEF e+ 2
H %%%i v SAE G KL BESE AP iE N3F 3 R R AR ¢ g it b B - A 4 g P
SN frEaE i KL gEgs 8T 3N
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d, [n-1]<d, [n], dy [n]>d, [n+1] and d, [n]=>Th, (3-2)
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PIE2ZEY

ul

P
Y
.
&
fim
gl
Z
AR
[N
ml4
g
S
»
o

o

Bt SREARY R BB KLIERS A S PR Ris 2 BB R - B % 0 B 5
KB ST ey 2 B 125 NG 2 Fend 2idkagnl A BB T RRT
RS AR T ELA Fend Bk Aol 3.2 ¢ e (WK~ (IU-Iix]) 2o g deshes > B2 7 o
FIAGERERe Rl 37 - LAARAT R A KL IR, 30+ Bnsgh o & L84
W EE AT e g EE S b Bl R R mUWN) FREH R TR Y T AN o
B KLEES » 7RE R 4o EHBF § F 2 EEREN R P PRF FREE R BT &S
PracehE B? P RET L AR TR R A DR PR L FE RS AL AT A 2
R 2 % - RSP o
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| e i N |  ca ] w u W o 4
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1 e 1119 k] e A s Phbdbbbidid bbb 19111111199

o] { v we
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bR oo
[

U.3:
0.2 -
BRIV VAU AL J\/\ o /\__A VAN = N
B32:AES FiEERBL v d i"éo\‘"wl%&fr*a %é; 2 :%%ﬁ?ti?sﬁﬁ FHRG -

Flt o A F BRI - BIRE Y UPEN GFESRAES Y AEF 2 FERRITL LY
B gy e % (Target) -
HF B chdcif deT
(Dﬂ‘?fﬁﬁﬁﬁ FoRB AP ARE B ERGE PR AR R ﬁg%%g
2 @ BLiF %+ T (Upperbound - UB) ¢ * (Lowerbound » LB) = % {5 14 7 423
30 F fyenfe (5 piE B E AR B R

(2) &5 RN KLEESESE 91 % 2 3B 4B 5 5 1 B4 A 482 B E 4B 571
RTINS R SIENCE SR T R TR T
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(3) ¥ B4 enizE R BT B AR BIRUET (Th ) 2]4% - @F0 A5 Y kg 20z
EAHEEC, > THRe S BERBL B R RTEEY PP

4) £45(1) ~(2)~ ()i H Az 3 "%’ﬁ BB S R L3 R E
HET RS P Raikie

Fd B E MR G B F S G A (Segment) 0 F @G 2 0 gl BAp o
# KL 39[“3«%~‘ * n?s%“:r%@&«m;%% FRAFARSBLS &P * kR34 G5
FeBe— w3 B5Y (Segment-based ) e -E Sflic ki fp it iFiE R RS R 2 FEF B U EEF

ﬁ%iﬁﬁﬁﬂ°

PR AP E R F RN 3 A 5L 41 (Segmental sub-band signal envelope ) & #
7w 2 BApAs g B o y,c] ~ [eoc ]l BFR GRS F A 0 hpt T B 33 kiF
WP oo Bl iEEREEKk 2 B3 R At KL iEdEEciE 2 <) - Ha {5 F B (Segment k-1 -
Segment K)RT & %) 2 o7 fiz & B3R H ST 4 »%H Syl i 0 Bp iFIE R BEAR ARG R F B2 AR GH
REAGLARE S > RAAFICHBRA L XL A LE > MATTH et - P Fak

FAF A BRI o o Bl A LA GERERE RES(K)F AY k BRKR

[CpnC] ™ H FHAFE G BLA G0 R0 {5 T30 > 4o 50

C—A
ES; [t ] :( > E [n]}/(ck —C 1 —26) (3-3)
n=c,_;+A
Hoe § A T8 G EHEKAPFETPH 2L B #ic o
Candidate k A
| Spectral KL
distance measure
Stable part V
Time
Ck-1 Ck Ck+1

Segment k-1 Segment k

Bl 3.3 1% iz E R BRI | T HL B2 P BT LR

Vaed e KLEERH RS S GRSt 2 EA PR 2- Bl BEE GEgu2 413 KL RS 2 7R
EAPTRL AT EGT Vi A R -
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T Truéi—ﬂ?{g:%% ’ CJ ’ 3‘4‘1-" %’B& J'E)*F\? | f\:r )uj\'ﬂ/?dﬁ 7}5 ”1& I'ﬁ)»lp ho
R B 2B U EANAT S
- . B . N

B orsoand 1) 5 A PR PN OREG R AL B 5

Foins ¢, —1-c;,<ry
ry=4¢,-1-¢;,, Iy, <c¢;-1-c; 1$r
I o Max <C; —1-C; 4
b4
Fonin » Cj+l_Cj <Tain
M =9Ci1—Cjy Ton SCiy—C; <Ky
[ Moax < Cji1 —C;

A N T T R O R A S S S Pyt S
B E oo PIAPET g T 5 KL R R e F Bdp A >

Dy [c;]1= 1tr[(Z_ -2 )E - H]+ —tr[( - ) I - )] (3-4)

IR u Ry AEEATAFEREIFERGEAT S T E Y 2 Y L IHEGE
At Sz BB B o

BF Y BN E R P M BT L A M $PTS B E
Bkt - 27 MBS A lr B UM R K BREAR ¢ HEF S BT B
S

(1) El ﬁfl’;;& Q‘!'—.ﬁ rg.s ~ lb "f& th

d [ ] Delc ] HIc ], AH[c ], (Ei[ck];izo,---,6)

HP AH[c ] s #psF2 -~ P4 & -

(ESI [Ckfl’ck]’ ESI [Cklck+1];i =1!"'76)’ Ck _Ckfl’ Ckﬂ—Ck
P —Cy, Gy —C AT B MR BEE W (S AP AR BE2 PR
Bofsod FR BRATRILE BEE Sl BF GBS REMNEN > N RBELES
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SHEE R R 2 R o B 3.4 B 7

Boundary SIS (e Merge to form

Sample-based N . N boundary N
acoustic features candldat_e candidate & SEMEE- 0
pre-selection feature vector

Target labeling

Output file from
sample-based
feature vector

Speech signal —P»

W 3.4 ¢ B Sl B 802 a0 U )

33#* 3 kg =% 2 RNN(Recurrent Neural Network)
ZHAERRFERLZF FREARE

AL L BE REEG AR HA S AR R BRI B A
NIKO toolKit[12] 5 A & % 2 44 (3 B 2 Jf » #3032 4 i | 1+ ek ) (Error
minimization ) 4% * & @ L% % = (Back-propagation algorithm) #-s 5 #r22 § 2 B~ 3¢ -5
FRGE T ST A S FIREFA PR S AT o

G TIMIT SR A G PR ez v TG F L HA 4 0 s 2 gL 45
SR N TR By R R BRI BRI S R 3 BN AR R4 B 3.5 ¢

> Stepl : #-% iﬁzﬁi’rﬁﬁ LR AV (Ilkellhood) LA ¥
% P P %%&vﬂtﬁﬂfﬂ;ﬂtﬂ-w %] IR ﬁf‘%*‘ lLHL?J »EE Sle £ TA 2 2 PRI
BATRAN > PERZ ks £ o2 B 1‘“1 wﬁi%ﬁ” °

> Step2 : (AT F® B2 pEEFFEE
BF oo P dox 5y 2 (Viterbi search algorithm) & #7#-2 5 # 8 1735 8 48 >
ET - B AT BFE A RTE

> Step3 : £ P ok
Bl - BEEAMPELELOYFEY D v FERPP DPFRFRe g E £ AT
P RSl TR T - ERTELEY P

> Stepd: {#73 ERTELP ook
B 5 R R B D ol BTG A s B2 B

24



> Step5 : £ & Stepl ¥ Stepd % Jx &k

Candidates from objective

measures
r v l .l v 1
L ! 1

Manual labeled

boundary
Acoustic parameters Target Function
of candidates
\ 4
MLP-based phone Target Function
boundaries detector Re-labeling

Detector output

B 35: F 2R 0PI BRI F Bl &2 2B

3 EBEARIREELS
o TIMIT 4 E kS%@ 5 & 03 2480 B Bend Roi o & 2@ TIMIT 34
B raE R HGE AL 4620 B3E 4 2 RIRREAL 1680 BIE A hA KT P N3 BRI o F A
A 32 53T PURGER BRI AL OAIR O S SR - § A B R R E4R (Candidate) 1
FHLY 4R Rl F %8 R %k (Phone boundary) shdicdy 0 d gt ¥ e 1B RGERL Y 1314
l@‘;‘gag"*‘t%* T’ﬂ'\-lij 982125 43 - BF FABa: bod PIEFRAR LTSRS £
= BLAP I 38283%7f/ Fe T 2 E R 5501 100 F f H.9 5 5~10 B3 1=K & ik

FEAREPER RER FEREPE R ARIVE > A N B RERE R R E
534189 ¢ 194201 B RRRER G EAE R ES R R BADIRE RIE
Fokd AP RY A SREERE - S AR E(MLP)2 Recurrent Neural

Network(RNN)’ HOE A Al p AW s 75 2 80 B o Bofs v ¥ig A e h £ &
222 FER A BD R ZER BRI E W RIAEL AP E P2 45 (Equal error
rate » EER) »zsy 5 11.6%%2 8.6% - m 1 Jp]i& 4 -‘ﬁ’;ﬁ—iﬁ'—,‘ E_ &4 T N T

WRRA F A AMPIFIZF 3 ER AL BED 237 2 ERBREBEN STikant b o

Miss Detection rate = % x100% (3-5)

T A THEER R FE AR BE ] AR AERARBEN & | 2 Bfcd sribant

B o

False Alarm rate =

x100% (3-6)
I +N
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% 32 TIMIT FAL B ensizt Tl %

TIMIT corpus Sample Candidate Phone boundary
Training part 226727341 534189 172461
Test part 82786737 194201 62466

ARRE LY P D niEiE g R E W j’%rf bo b7 Ie g E R F R R R
B pleng R ek B FIL R %R HEG By B SRS 2 L RIAE A F it
Tew SF 5 H 3.6 “T4or o MY e %5 Rabiner fffcdy? 1T EER dlici@ B> @ A3 R
FoR@* MLP 2 RNN hf %2 % 2 8| 2 4 P ME B A 705 @5 HMM #r3gad 2
FEEEN @B KA ’fw B WRIEA S S i B E R B R R
PR Fami N A FG L F 3 FiRE um S é?‘vﬂ’ﬂé«mv AR s o g
FipE R EE AP ARGE E"ﬁ%*’fﬁ;% £ R elpck KLEEg ot ok > 5 &3 Zehid
EW—%%M PRSP R(  p e 3OA DRI U R AR FED t%%’ﬂfﬁf% SRR

B RRIEG R FE R T B HRID R R R R R RL .
FEH R P P R G R KA %’fﬂ)’ FAR R R AF iR E L B RIEA WL 5 E W pF
BB RS o gt o SRR T PR A 2 B B T {FEE S g SRAR 5 1 P

Bk AP 0 TR R SR R

%4;. oy ek

0.25

3 \
S \
< ) *
LL \ \

0.2 ‘\\ — = =MLP

AN RNN
* Rabi k
\ * '
0.15 N abiner's wor
N
N
N
N

0.1 ~
N
~
~
~
~

0.05 <
\ - -
\ -~
0
0 0.05 0.1 0.15 0.2 0.25
MD rate

Bl 3.6 1§ FABMRIES TIMIT F4 545 5 & W RIAR 2 $ ¢ RF

BES LI RBBATIEAS 2 RAKNEE > APRIE BT e 5 18RS A
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%ﬂﬁﬂﬂﬁﬁﬁﬂgawkéiwﬁﬁﬁfwmsE“M’U¢ﬂ%%
2 %o H ¥ £ 3387 EER AT WRT ey R AR
Foom Apl g fEp 5 4L72% At =
FEP 5 87.32% 0 & A2 2 F &% % ¥ ik Rabiner (27%/ 10ms, 70%/ 20ms) » + % L pF
B3 47 R im PR BESN eh g F ERBERI D 2 G R ok o B 3T KT T %%%lﬁ RE
ZRHEEEA G R NI R RS HBLENLEDFREPN > 5 R F R BE
b Gl e BT L EAR ] M A FEA SR BARApT o AT HRIN 2§ R i E AR
FE o

#2331 % FHENPFEFEF AR ARPEF Nt ESE o T8 5 10ms

Methods In the same frame within +1 frame
HMM 27.5% 67.3%
Rabiner’s [17] 22.8% 59.2%
MLP 36.0% 73.9%
RNN 37.3% 77.0%
1 —]
OHMM BMLP(EER) ®RNN(EER)
0.9 B B [
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c 038

O pry
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o 0.7

£
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dAT T J R AR R AR TR T AR S
Bl T A 5'Jﬁfﬂ§’wp% P EN TR g R e T N L T I
342 35¢ » A1 EER nenfiRT 0 3 bR 2 N hd AR E RIS £

ZBHFAEER O FALE -

% 34 :TIMIT FHE P 23

FREEMEI R RER %"

H

WP BE MAE St 34

(The two values in table are MAEs of RNN and HMM in ms, ~ means sample counts less than
100.)

Affricate Fricative Stop Glide Vowel Nasal Silence

Affricate - 6.4/6.5* | 10.1/6.9° | 7.3/10.0 6.8/13.7 4.9/15.3" 6.1/12.8
Fricative | 2.3/17.0 7.2/70 | 13.6/13.1° | 9.5/14.9 7.9/13.3 7.1/125 6.5/11.7
Stop - 6.1/73 | 12.4/120° | 11.2/150 | 7.5/13.1 7.6/9.6 7.1/14.4
Glide - 7.0/9.5 10.4/12.8 | 11.0/21.2 | 7.9/13.6 6.4/11.2 6.3/12.7
Vowel - 6.3/9.8 7.9/11.8 9.9/15.9 8.8/17.6 6.8/11.5 6.9/13.6
Nasal 7.6/11.3° 6.2/8.2 11.1/13.2 | 11.6/153 | 7.2/13.3 5.6/11.2" 6.9/12.1
Silence 6.3/12.5 6.0/7.5 7.3/8.2 11.7/14.1 | 7.4/12.1 5.2/9.9 7.0/18.9

% 35 TIMIT FAHE® 23
(The two values in table are RMSEs of R

FREWEE 2 RES 22 R E RMSE St TR
NN and HMM in ms, “means sample counts less than

100.)
Affricate Fricative Stop Glide Vowel Nasal Silence
Affricate - 7.4/80° | 13.1/11.3° | 8.8/13.1° | 10.8/182 | 6.4/17.7" 7.8/15.6
Fricative | 2.3/17.0 8.6/9.0 | 17.4/16.6° | 13.8/20.3 | 12.4/17.9 | 11.2/184 | 7.9/142
Stop - 8.1/95 | 17.2/16.2" | 16.5/20.1 | 12.1/17.3 | 10.8/12.5 | 8.3/18.2
Glide - 14.0/14.3 | 15.0/19.4 | 16.8/29.2 | 12.5/17.6 | 9.0/13.6 9.9/17.3
Vowel - 10.2/13.6 | 12.5/17.2 | 14.5/21.3 | 14.6/246 | 10.4/153 | 10.0/17.9
Nasal 10.5/15.5° | 9.8/10.9 | 15.0/185 | 16.8/20.4 | 11.9/17.6 | 8.6/12.7" 8.7/16.4
Silence | 10.2/16.2 | 7.9/10.1 9.4/123 | 15.8/20.0 | 11.8/16.3 | 7.1/12.7 9.4/23.0
FFAPHEAT R B RS
> WRpLEA I 4T
AFFE RN E LI PR S BN E R kR FRPES SR AL
R AER KRBT FERRBGR > FAPAST B MR R R AR PIART R AR R
=8 F méﬂ FUFIARME A IR R R E R SR T RRESRBERI F
R ARRCTAR R R O N E A L WRIAE A ARG K g ML o B T R4
HRIRA FRF RS S R BRI
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Abstract

In this paper, a two-stage sample-based phone boundary
detection algorithm is proposed. In the first stage, some local
sample-based acoustic parameters are used to pre-select some
phone boundary candidates. Then, in the second stage, some
high-order statistics of the log-likelihood differences of two
adjacent speech segments around each boundary candidate are
calculated to serve as similarity measure for candidate
verification. Experimental results on the TIMIT speech corpus
showed that EERs of 8.6% and 7.6% were achieved for one-
stage and two-stage sample-based phone boundary detections,
respectively. Moreover, for the two-stage system, 42.1% and
81.9% of boundaries detected were within 5- and 15-sample
error tolerance from manual labeling results.

Index Terms: phone boundary detection, similarity measure

1. Introduction

Automatic phonetic segmentation is a historic and basic
problem in speech signal processing. Although a lot of
researches had been done in the past [1], an automatic
phonetic segmentation algorithm with high accuracy and
precision is still a state-of-the-art work. Without knowing the
text of the speech signal, it becomes a phone boundary
detection problem which is more difficult than the phone
boundary alignment problem. An accurate phone boundary
detector is important and essential for speech processing
engineering and linguistics.

In automatic boundary detection without knowing the text
of the speech signal, the rate of acoustic signal change is the
most important cue for decision making. In [2], the spectral
transition measure, which is in fact the norm of delta MFCC,
was used to find the phone boundaries. 15.4% miss detection
(MD) and 22.0% false alarm (FA) rates were achieved on the
TIMIT training data set. In [3], the model selection technique,
DISTBIC, was used to perform the phone boundary detection.
The DISTBIC first used the Kullback-Leibler (KL) distance to
find the boundary candidates, and then employed the Bayesian
information criterion (BIC) to further verify those candidates.
25.7% MD and 23.3% FA rates were achieved on the NTIMIT
database. In our previous work [4], some sample-based
acoustic features were proposed to model the rapid spectral
changes in speech signal. Both the precision and accuracy of
the sample-based phone boundary detector were shown to be
better than those of frame-based algorithms, such as the
system shown in [3].

In this paper, a two-stage sample-based phone boundary
detector is proposed. It is a modification of our previous
system [4]. In the first stage, some sample-based phone
boundary candidates are found. Then, in the second stage,
each candidate is verified by using a new similarity measure

with features extracted from the neighboring speech segments.
For obtaining the similarity measure, a more precise signal
modeling method, the common component Gaussian mixture
model (CCGMM) [5], is employed to model the speech signal.
Some high-order statistics of the log-likelihood difference
functions of the two neighboring segments, like mean,
variance and skewness, can then be represented in terms of
CCGMM coefficients [6]. These high-order statistics are used
to calculate the similarity measure for improving boundary
candidate verification.

The paper is organized as follows. In Section 2, the
proposed sample-based phone boundary detection algorithm is
discussed in detail. The performance of the two-stage system
is examined by simulations discussed in Section 3. Some
conclusions are given in the last section.

2. Two-stage Sample-based Phone
Boundary Detector

In the proposed two-stage sample-based phone boundary
detection algorithm, speech signal is first processed sample-
by-sample to extract some sample-based acoustic parameters.
Then, those local acoustic parameters are used in the first stage
to detect some candidates of phone boundary. The speech
signal is accordingly segmented into lots of acoustic segments.
In the second stage, the high-order statistics of the log-
likelihood difference of two neighboring segments are
calculated to serve as the similarity measure of the two
segments for verifying the boundary candidate. In the
following subsections, we discuss these two stages in detail.

2.1. First-stage Boundary Candidate Detection

It is known that the spectrum of a speech signal is an
effective cue for phone boundary detection. In this study, six
sub-band signal envelopes are used. The input speech signal
firstly passes through six band-pass filters with cutoff
frequencies shown below

0.0- 0.4 KHz, 0.8 - 1.5 KHz, 1.2 — 2.0 KHz,
2.0-3.5KHz, 3.5-5.0 KHz, 5.0 - 8.0 KHz.

The energies of the above six sub-band signals were
shown to be effective in speech landmark detection [7]. In the
sample-based approach, the envelopes of those sub-band
signals, x[n], are extracted instead of their energies.

Detection of each sub-band signal envelope is realized by
passing the complex analytic signals, x[n]+ j-y;[n], through
a low-pass filter. The Hilbert transformed signals, y;[n], in
analytic signals can be produced by

y;[n]=x[n]®h[n] fori=1---,6 (1)

where



[ = 1/|[n=NJz, nisoddand 0<n<2N
0, otherwise

The envelope of the i-th sub-band signal is denoted by
e.[n] . Besides, the envelope of the original speech signal,

g,[n], is also extracted. The cutoff frequency of the low-pass
filter is set to 30 Hz.

The low-passed KL distance was used in probability
theory to measure the similarity of two distributions. In this
study, we use it to measure the similarity of two adjacent
speech samples represented by six sub-band envelopes,
{e[m];i=1---.6}form=nandn+1. The KL distance is
implemented by first normalizing the six sub-band signal
envelopes [8] by

£ fn]= -2 @)

Zej[n]

Then, the sample-based KL distance is calculated by

dy [n]= Z(Ei [n]-En +l])|09( EE[;,][r_:_]l]] (3)

Spectral entropy is commonly used in measuring the
flatness of a speech power spectrum in a frame-based system
[7]. In this study, it is extended to the sample-base spectral
entropy defined by

HInl = (& m)log (E ) @

Its value will be small in the fricative/affricate and nasal
parts of speech signal.

The similarity of the signals around the boundary
candidate can also be a useful measure of signal change. For

each boundary candidate, c; , the feature vectors

(E[n};i=0,---,6) in its two neighborhood windows B; and
B; are assumed to be normal distributed. Here, B; and B;

are defined as
B; =[c; —r;,c; -1, Bf =[c;,c; +r/1,

where the lengths, ry and rj+ , are defined by
M ’Cj -1- Cj—l < i

rf=1¢,-1-c¢,f,, <¢;—1-c,, <r,

j ] j—-1 — "max

(. ax <C; —].—Cj,1
and
Fin er+1_Cj <Tain
I =9C11 —Cj sl <Cjy —C; ST
Fnax P <Ci+l_Cj

The maximum and minimum window lengths, r. and
I aresetto 5 ms and 10 ms, respectively in this study. The
KL distance at boundary candidate, c; , can be defined as the
KL distance of the pdfs of the feature vectors in B; and B,
ie.,

1 {tr[(z_ —-3)E -]+
2

D [Cj] =5 T et 1 ) (5)
(e —p) E2+Z0) (0 - M)]}

where x and g, are the means of feature vectors in B; and

B;;and X_and X are the covariance matrices.

The normalized sub-band signal envelope, sample-based
KL distance and spectral entropy and their delta terms are
effective parameters for modeling the short-term spectral
changing rate. They are used as the input features of the first-
stage phone boundary pre-selection.

2.1.1. Sample-based boundary detection by neural
networks

A boundary candidate pre-selection procedure is first used
to reduce the number of data needed to be processed in the
following boundary detection. The selected boundary
candidates are those samples having larger speech signal
changing rate. Thus, the sample-based KL distance is
employed for boundary candidate pre-selection. A simple peak
picking method with threshold is used to select all samples
which satisfy the following constrains as candidates

dy [n]>d [n-1], dy [n]>d [n+1], and dy, [n]=Th, ,(6)

where Thy is a threshold. The sequence of boundary candidates
is denoted as {c;; j=1---,N.}.

The average normalized sub-band envelope of the segment,
[c...c], is defined by

ESi[Ck—l'Ck] :{ czk Ei[”]] / (Ck -G _1) (7)

n=c,_;+1

Then, a 27-dimensional feature vector is constructed for
each boundary candidate. For the candidate at time c, , its

feature vector includes the following acoustic parameters,
(1) Features from current boundary candidates :
dKL[Ck]' DKL[Ck]! H[Ck]! AH[Ck]' (Ei[ck];i :O,‘--,G) '

where AH[c;] is the delta term of the sample-based
spectral entropy.
(2) Features from adjacent segments [c, ,,c.] and

[c.Cenl”
(Esi[ck—l’ck]’ ES.[Ckrck+1];i =0, '76)1Ck —C15Cs — G

Lastly, two neural network-based classifiers, a multi-layer
perceptron (MLP) and a recurrent neural network (RNN), are
used to screening these phone boundary candidates.

2.2. Similarity measure of acoustic signal segments

After pre-selecting some boundary candidates in the first
stage, we then verify each of them in the second stage. A new
similarity measure based on CCGMM representation is
introduced to calculate the distance of the two acoustic
segments around a candidate for its verification.

For a speech segment k, the pdf of its acoustic feature

vectors, o[n]=[E,[n],---,Es[n]], can be modeled by

p,(o[n]) = chk -N(o[n]; 444, %) , (8)

where {N(o[n]; z4,,%); 1=1---,L} is a set of Gaussian
distributions with common covariance matrix which is used as



the basis of signal pdf; and {c,;1=1.--,L} are the

coefficients of CCGMM [5].

Then, the un-symmetric KL (KL1) distances are calculated
and used as the similarity measures of the two adjacent
segments O, and O, :

D,(0,10,) = [ p.()In EE‘;’) do=| p,(0)P,,(0)do;
D,©,10) = p,@n =D do~[ p, )P, , @00, (@)
p,(0)

where P_,(0) and P, ,(0) are log-likelihood difference
functions of the two segments. They can be approximated by

(5]

D271(Oz | 01) = Ez (P271(0)) = Zczi -In (Zj 2 Moy (10)

Instead of using the means of P,_,(0) and P, ,(0) only,
some high-order statistics of P,_,(0) and P,_;(0) are also used

for modeling the similarity of two adjacent speech segments.
The variances and skewnesses of P,_,(0) and P, ;(0) can be

approximated by

3\U3
521:["\121(:?['”2_#1] ] (0-271)71' (11)

Besides these first- to third-order statistics of the log-
likelihood differences, some segment-based acoustic features
calculated in the first stage are also used. In summary, the 30-
dim features used for determining whether the candidate at
time ¢, is a phone boundary are listed below:

(1) Output of first-stage RNN boundary detector,

(2) Features from two adjacent segments:
(Ei[ck]’ ES[c,,.¢ ], ES[c,.c, ., )i =0, ~,6),
(Ck - Ck—l)l (Ck+1 - Ck)

(3) Statistics of the log-likelihood differences of two adjacent
segments, ¢, =[c,.,¢, .1, ¢ =[c,4.C] :

(, 10, S, M 1O, S,
G —C G —C GG G —C G —C GG

) .

Finally, a recurrent neural network (RNN) is used as the
second-stage phone boundary detector.

3. Experiment Results

The TIMIT speech corpus was used to evaluate the
effectiveness of the proposed sample-based phone boundary
detection algorithm. The numbers of phone boundaries in the

training and testing parts of TIMIT were 172460 and 62465,
respectively. The total numbers of samples were 2.27*10° and
8.29*107 for training and testing data sets. In average, there
were 12.2 phone boundaries in 1 sec, or one boundary per
1310 samples for training data.

First, the envelopes of six sub-band signals were found
from the speech signal. Then, the sample-based KL distance
and spectral entropy were extracted. The threshold value of
KL distance was properly chosen empirically to preselect the
boundary candidates. The numbers of the resulting boundary
candidates were 534189 and 194201 for the training and test
data sets, respectively. In other words, only 0.85% speech
samples, or one out of 116 samples, were preselected as
boundary candidates for the training data.

These boundary candidates were then screened by an MLP
classifier and an RNN classifier in which all neurons in the
hidden layer were fully feedback to themselves. The numbers
of hidden neurons were empirically set to 75 and 80 for MLP
and RNN classifiers, respectively. These two neural networks
were trained using the iterative target selection algorithm [4].
Lastly, the NN output was compared with a threshold for the
first-stage decision.

The curves of MD (Miss Detection) rate vs. FA (False
Alarm) rate for both MLP and RNN classifiers are shown in
Figure 1. Note that the FA was defined as (number of false
alarms)/(number of true boundaries + number of false alarms).
EERs of 11.6% and 8.6% were achieved for MLP and RNN
classifiers, respectively. Compared with the performance of
[4], which is 15.4% MD and 22% FA rates for the TIMIT
training data set, about 50% EER reduction was achieved. In
order to check the accuracy of those detected boundaries, the
normalized cumulative histogram of the absolute deviation
between the automatically detected boundary and the manually
labeled one was shown in Figure 2. As shown in the figure,
about 70% phone boundaries were correctly detected within
10-ms error tolerance.

In order to compare the performance of the proposed
systems with the state-of-the-art model-based approach, an
HMM phone recognition system was implemented. 61 3-state
phone models were built. Besides, the minimum mean
absolute boundary error (MMAE) criterion was used to realign
the recognition result of the HMM system. The EER of the
HMM system was 6.3%. The EER of the sample-based RNN
phone boundary detector is about 20% higher than that of the
HMM system. However, as shown in Figure 2, the inclusion
rate of the RNN detected boundaries is much higher than those
of the HMM recognizer when the error tolerance is less than
30-msec. So, the RNN boundary detector is of higher precision.

In order to perform the 2nd-stage verification, a low
threshold value was adopted for the first-stage RNN classifier.
The resulting MD rate is only 3.9%, while the FA rate is
17.7%. To calculate the similarity measure of speech segments
found from stage 1, 64 Gaussian mixtures were used in the
CCGMM. An RNN with 80 hidden neurons was used as the
second-stage verification. The curve of MD rate vs. FA rate
for the two-stage phone boundary detector was also shown in
Figure 1. An EER of 7.6% was achieved. The performance
was much better than that of the first-stage RNN detector. It
can also be found from Figure 2 that 42.1% and 81.9% of
boundaries detected at the EER operating point were within 5-
and 15-ms error tolerance from manual labeling results. They
were slightly higher than those of the first-stage RNN detector.

4. Conclusions

In this paper, a two-stage sample-based phone boundary
detection algorithm has been discussed. An EER of 7.6% was



reached by the proposed method tested on the TIMIT database.

The performance is only 1.3% higher than the HMM phone
recognizer with MMAE criterion realignment. Nevertheless,
the accuracy of the proposed system is much higher than the
HMM recognizer. 42.1% and 81.9% of boundaries detected
were within 5- and 15-ms error tolerance from manual labeling
results.
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