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EEHEHHI% 7 Z9t(Computer assisted pronunciation techniques, CAPT) » {75 7] 73 fydf
5 5 faHl(Mispronunciation detection) DA Kz 53558 5 52 (Mispronunciation diagnosis) © {£
MEEAINTST R o B T B AR B R SR 4R TSR PR (Forced alignment)
J37E o A PSS EPRR 28 A Y 22 (Phone) B 7% BEBUHI R Yy 2 0 5 2R B0 B Y & Rt
% GOP (Goodness of pronunciation)53%§ » i DAL AE Ry S 3R - AT B4R E = 1t
ARSI ISR R BAERE © FTEAK - Ui 0 oE 2 HE A SN KR RSB R R -
HARE A S DA PSS - A RS SURE UGB G2 N > 2R (1)
FEN P EE A5 077 B(Confidence score) ; (2) ACEREHEAGER - RIEEN#ER
BTSSR - BERGE IR - (0 P IR 2 R T T 3 B A M B2l AT DA
FMEAE S YRR A D IVISRAR oIS FET - IS 2B R -
Abstract

One of the primary tasks of a computer-assisted the pronunciation techniques (CAPT) system
1s mispronunciation detection and diagnosis. Previous research on CAPT mostly relies on a
forced-alignment procedure which is usually conducted with the acoustic models adopted
from a traditional speech recognition system, in conjunction with a phoneme paragraph, to
calculate the goodness of pronunciation (GOP) scores for the phonemes of spoken words
with respect to a text prompt. However, the training process of the traditional speech
recognition system is complicated. In recent years, the end-to-end speech recognition system

has not only greatly simplified this problem, but also has the trend of catching up with
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traditional speech recognition. In view of this, this thesis sets out to conduct
mispronunciation detection and diagnosis on the strength of end-to-end speech recognition.
To this end, we design and develop two mispronunciation detection methods: 1) method
leveraging a recognition confidence measure; 2) method simply based speech recognition
results; A series of experiments showed that leveraging end-to-end speech recognition
architecture on mispronunciation detection and diagnosis not only reduced the training steps
originally required for traditional speech recognition but also improve the performance of

detection and diagnosis significantly.

RS A - Umidiimet o ek ~ EEEREAY ~ SEEiell - e
Keywords: end-to-end speech recognition, acoustic model, mispronunciation detection,

mispronunciation diagnosis.
- G
TEEPRACHIREAF - B SNEE R A AT EEhHy—EB 5 - & S AM 2/ DR E WiE
SRR DL EVRES o IaE S 28 WEIE n] 70 REE ~ 51 - SRR IU(ERES 7y - Hrh DR
By e R R RIS A 15 AHBT S E AR < 2RI R 2 BV ER B G F E e ) DUR B
SRR o CIERAYSRE RIS B 5 b SR & 18 - SR = BIRFAY 6 5 M
EEWA BT TS - HINEERAAIR - K R Eh# = 3 SR i 78 S =
o PefMA 2 B B B SRR E S VEE ) M ER B RS 5 hER - W H 4G T [H]
B o [HEREERE SRS FH S R (IR RE T 5 Ryt

BB 3 S IS BLEE S Pk a5 S AHRR - 2 AT S AR AR A AR S

LA L 4 & T2 =0 m] oA (Deep neural network-hidden Markov model, DNN-HMM)

e R o 22 E A EAE Y (Acoustic model) ~ FEF 154 (Language model) ~
% 5] i (Pronunciation lexicon)FfT4HEY » A HAESNSRAVERES » MR ESHY E TR
& R 45 & B2k = |] 9 5 AU (Gaussian  mixture model-hidden Markov model,
GMM-HMM) [1][2] » BB FAY5RHIERT - A 15 LAFI14E DNN-HMM 2 E25 AT -
11 H A AR s B & 2 g 23 (Multiple-layer perceptron, MLP)[1][3] ~ #EfE=

FHHZL 4P (Convolutional neural networks, CNN)[4] ~ #E =CREHAL 4 S (Recurrent neural
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network, RNN) ~ 4G HAECIE A (AL 48 % (Long short-term memory, LSTM)[S][6] ~ FFZE
FAHEELEE(Time delay neural network, TDNN)[ 7] DAk 5 SEAHHIEE QGRS ATAE i -

HgEEE AR NSRBI - (VISR (A fHALH A R - fRE R AE
WE—EB oy s B T EEE ERAVRCR . Q)RS IEE S MG R ) A B E A Y
HRPYIHE ST > DUE 2R BT SCHBIART © Q)F 2 AN S HEAE
E S FEILE Ay BRGNS - BEGEE S e e LB R B AL A R — 5 - 1K
it S U e o A K AL T A RE S R R AR SORAR o H IR R AT e 0
(Connectionist temporal classification, CTC)LL k)3 & IR (Attention model)jyfdE 75724 °
A CTC 3l 4RAE RIS B AT n] 5 B S N e 128 1 S A G A ety Y E B A
#P > 1 RyF T (Character) s Z2[S5][8] » M HLCAREGES o] LA S 2 (s FEE S 1AL -
Mo —J7H - #7Y CTC ¥ mimsE S PRy - HOFEJTH A C AT Bt G
2 MERI[91010] » [NREFE T AN FT R sEZ W% b - IS F[BL CTC AT AT Ehg
HI4E R > (BF/DESER T {h#> DNN-HMM [YREE - [12][13]#E 25 E 80 A4S
& CTC BUFEIHAS » 775 CTC-Attention AR CTC 512 A E T SR
(Misalignment) U 18 Y [EE - B ER&EREIUR » CTC-Attention fHAY AT FEGA = SHEHIYIE
LT ERETE 2K DNN-HMM FHEARIH P sEaRas -

A L TSR i S U SR 4 e R P S B R B 38 el > H AR
3 Ry $i 55t 5% 5t M (Mispronunciation  detection) DL Kz ## 35 8% ¥ 52 i (Mispronunciation
diagnosis) 35 5% B I B SEAE HER T 2 B S8 —AINE ISR B - RS AR A
HHIER T o HEREPHIEEE E Y E R A IEE o ARSI E e - #E A
BB EMRA T A 12 %R (Posterior probability) ~ #1800 LI ({E (Log-likelihood) [14] - =K
& GOP [15][16]1F Fys& gl > LU HIE 3 208 - M E 2B 2 EE2EE%
B HIERSEERIG R AT4E TV IE - BEePrm ZIesnYE " Blsh(guo2 yul), » HEEH
FIEK " faEE(gou3 yu3) y 0 HHPR T RERHIERE T HISE o AR EREEE ENY T B
(guo2) | BEFERE "1 gould | T o M BRI S e R BB (1 Ry nt RIS
W[17][18][19] » B im A ny &8 S il AR Rt /L - E[19]F2HILL CTC #E{To%
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B RS2 - INEAR SROOR I BT Im A e Y 358 CAPT (£75 - BB
R R S O B KRB B WSS R T3 F il - AL B RBURA R E L 8L
EErTE RS R > RESTfESE S R R R 8 GOP M [FEHYRCR - 2RI B AG AKER . GOP
FHHIER SE Ry s o S/ NERER Rnl & WAy 77588 1 [19] - St B gl 2 5l i
SFHYAR -

= Ui eE R

W AT A i T Ui o R RO 52 8 - Ui 5 D SR A R A i E B (B i A A A
BT PUT RS A2 A b St o o HRask 72 T TR0

2.1 G HE(CTC)
TSR, 2006 SEHRIEI20) » {1 RSB MEATB S SRS R FT S ZE
SR A M= In Pee (C°1X) » BB R T LB RBSTAT - 5 RIS 2L
RFH - LS REE— BRI R T WSS X BRI L IR
Co HfiC = (o €Ul =1,.., L} » U BfFAEMMEESE - dEE CTC fEHIlshiss| A T4
SMIZE VB - (F B BRI TS o S E AEAY BT T TR RS = (sl U
(< blank >}t = 1,...T} » FAESREBATRTS

T

Pac 1) = ) | [PGselsecs, OPGel) M
St=1

HLPP(s¢lse—1, OV RFHREERLALR - P(s | X)HIRy Softmax i IEER

2.2 JFEEJIFEAI(Attention model)

A B/ N RRSREOE - SRR IR B AR A E R R

L
P (C1X) = | [ PalX,erac) @
=1
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[FIR A S EL R AR SR A E RIS SRR - 2AMEL CTC ARMERIERE I

RN SR A 1L AR 20 =02 Fos > & —E il B 5 fE 2 008 - P (| X, cq0-1) T
DA A TS -
h; = Encoder(X) 3)
e;; = Attention(q_,,hy, a;—1) 4)
exp(yey)
. L L 5
i Yiexp(yey) 2
T
= a;chy (6)
t=1
p(clX, ¢14-1) = Decoder(r;, q;, ¢;—4) (7

Horfthy £ Encoder HYBSRGINAE M & > a; AR IHEE Hey 8L H Softmax e#HS 2] 1M v &
Sharpen Factor » HEV/ESRFHFEERY M > q ARAVERT—{E Decoder [EiEiiRREFIE © A
LIAHRL q /& Query» h /& Key Value A& TE B E R EEIHIMHETREE I Hq,
[Efth > R IEHERIG SREHR IR BB A S e/ ME— In P (C71X) -

2.3 CTC-Attention ;R & 1A (Hybrid CTC-Attention model)

FA B A 2 B A A2 B SRS AU A B B S - CTC FIR /[ FIES
HIRE S T B AR - R A S S M E4EA112] [13]> DL CTC BT &N
R SR A TR - YEAE AT ARSI (Beam search) (] i A REHEIATEG L -
LU o (AR ACR. - 316k DIATE BRI ADR RIS, - HABA e -

Lerc-arr = —(AnPeie(C1X) + (1 = DInP, (C1X)) (8)
= -~ Ul RT3 S i H B2
R OB T TR BB S PR TS AAEE - —(ERE SR A B S U 3
SHIEREH RS S E A RTINS - N S S B2 B (R AHIZEn - FIFTEHE
(Y735 1 DA M T 55 5 S BB > 148 22 DU PR E 38 2 2 S 11T WS
LB o DUT KT i e i 2 W 3 S i ML 2 T A T -
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3.1 BE Bz s el
AR HEL TR M D R A M Tom A Y - e 5% L B BLBRAY S 2R S RIS H AR R
A AEEC S R G E H Z R ES © FElm B lmHIRE S Haok RS B0 - e
Softmax bREHHATAREE Z FERMEER > (REE— LAl n SEESHERARTIT
<eos>fy1b o By 7 EEFI{EIE s e A AR TR MPT IR BRI B R S 22 (B A T IRMIERRBAY 77X -

RIFEEF—K Softmax pf8i ke N BHEBMIFTE RN T RES > L0 NE 1 B o FEA2HS
HEBRE T ST RBFRIERENR S ZHREE > (F e EZ EREZEFY - I
L E B R ZERIEEP(C"|x) - FEIERFRERAHAZL 9 R RED(P(c"X)) -
(EERBREEER T 0-1 FYEiE - WARRF IR ETAE S -

D(P(c™[x)) =

1+ exp(P(c*|x)) ©)

(Ot = (1120 =

X
Co
Tatget phone sequence | ¢, écxs
.
c kx_ At each time, retain only the top K scoring forks
cs x
pre pruning i s é
\ .

Softmax

Ci—1
Lenmdu'

1~ PRAEERS AR

3.2 B PEssE R 2 s st Ei2k
BRI B S e A A g R st PRI R ERE S RAAVIESR MO 02 H - 5k
AR o] ARERRR - @ E AT F SO A 25855 HE 0 #ED - 72K

o P MReEE B WS R AR R S A 4 4B BE A SRR (Edit distance) HETTHIR
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[21] - 20 N 2 Fror - sLEFTRAREREES > B OF AIPReES - ShEOFHEARA
s > R OFTIH R L HAAERT - S& LBt R et arie A8 4 7 ashas
e ASEERR TS AL DU R RR - HR SR — S —E i SRR A BB  RE M
FK - G AEREER SR EE R B TR EREE O ARt » HEE
L IERERYE FTEE > SRR IR i (R aE & PTai AEE © IR - S0 ASERRAYER 7Y
HAIREH 2N - (2SR T AR DAY MY RsE e B R st taoll -

Resul:FTT

Targetlabel {sh} {4} {4}

Predict label g | R ]
Substitution (Mi
{ch} ; A 1 <=2 +—3 —Delel:ig;um' ) )
? 4 k\ = Tnsertion (Ignore)
{d} 2 2 1 <=3 = Match
4 % 4
1 N
{ad} 3 3 3 1

B2 ~ e S L A 5 A M

5.1 zE1}

ARim X HE AN E B ) TH B GTEE  Be R IEEsR R EE > Hom] Doy AysE
sEB}EEF (L1 speaker) DA K #EREIELEREE (L2 speaker) Wi Ei {7 « Bt AVEE A A & —fEfHAY
7y 71l By BE 2 B (Mono syllable, MS) ~ #£3%Efj(Double syllable, DS)LL K745 3 (Essay, ES) ; &%

At B AR 1 For
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FEICNE) | BBEE BEYE | EOREERYEE

e | L1 6.7 44 72,486 -
TR 17.4 82 133,102 29,377

L1 1.4 10 14,186 -
HEE : : _ :
A |11 3.2 25 32,568 -
AR\ =
TR 7.5 44 55,190 14,247

5.2 REEEA
KHFE5T R P& B » S —PEESRFEEEI L L1 st R 4 ERAR R M 1 7 5 e A S B
Ui ERAR R 1T 5 2 Al 2 S8R, - 55 P BRI R DA U B B T A L2 sBRb i 738
F a2 SR - (e B AR A By S i i ERATURY B (o I SR e T ¥ e NP SR e
Z RS EEER T YR T A - 3 R Kaldi”[22] LA “Espnet”[23] -
TERAAR R HRIEE T PIAFS ELSII 48 GMM-HMM TG A\ 5205 MFCC Fif
B8 3 4EFFH(Pitch)ZHEIL 16 4 MTHRHEEL—FEE E R E(Delta coefficient) » B[
R ARy
AR —FHE Ry 40 4EHY Filterbank FrfiflE 3 4ewaR (Pitch)ll H AU —F&7= E A8 > BL %
ZEAREEE 129 4 - DNN-HMM AU A T A [F e B dl i e sl 1 aofdy

DNN-HMM ZE2##% Factorized TDNN (TDNN-F) DL &% 8/l 4f #£ HI] LF-MMI (Lattice-free

-

Z &= 4 H(Acceleration coefficient) & £ 48 4E45F A &= - DNN-HMM

maximum mutual information) [24] > t7F] T 2 EEEETERE R B0 1.1 fZHe
e 0.9 22 > FEAHZREAI TR 2 A ©
1 - (LR R Z0

-

SRS T B

H—doTi

DNN-HMM

6

2048

TDNN-F LFMMI

13

768
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Uit S Uit P SR A 5 — PR ER B B FH AU /2 CTC-Attention SEA A » Z0RE F 3 55%
[25][26] » JEES%Es 0.5 - Encoder HYZRH#E RyWifgHy VGG Jghn b 7<g Long short-term
memory projection(LSTMP)— &4 320 {148 ¢ Decoder HYZERER B—J& LSTM & 300
{EFREETT » (E R EE I Ry Location attention[12] » 5FE 7= =0 11 fos > Ry T
(LG HTEER o B T B RERT—(E Decoder state Kz 2 Fij Encoder state 4/ » B A—
HEFBTENE K BB AT Attention A& a,_ HELHI RIS  BRIEL AN - DA T HEEERF8
3% (Label smoothing) 3Ry 0.05 HAVIEA N BB AELRE B (S (EE 8D BT
WA BE A BRI B T I — ML - RIS R AR R A B E R ]
PRI L T SR B Eh 7% > PRILEE TDNN-F LEMMI > &5 585 BT Ehbe: - SFaide
RN 3 Fos

Fl = K= a)_1
it = T
[ g tanh(Wyq;_; + Wyh, + Wify,) (In

| CTC | | Attenion Decoder ]
Shared Encoder
t t t
| BLSTMp |
t t ¢
| BLSTMp |
t t t t
| BLSTMp |
1 1 t T
| VGG |
T i
IR VGG . |

E I_x_z_l I_x_‘—l ...... | I_x,r__l
(3 ~ Ui Ui o A R A 2N

F PR LRI I B BRI I A L2 SRR S Z el 2 28 - REE 3 2R

& > S RIEEEA ] CTC ~ Attention F5YER CTC-Attention JEEG A - I H EEEIIAE

K L2 st THENS -
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1~ EERGERELT

5.1 L1 Palat R

Fo TR B I Ui S PR S Y m T > FRAMTE oA FIRR AR L1 SRR
PRI > TR 3 AR RIE R F SRR & R bR B fishans
e =R EMERY S TDNN-F LFMMI B2 CTC-Attention 57 » FR&ER AT LISAI{E A
CTC-Attention HYHFERSRAEHME R HAARY  w] e [ DR Ui ¥ i 2 S R A 2 il 5%
Faal > NN 4t DNN-HMM R G A7 SR ATH 22 S AR 2 M H. Attention

BRI RG T ARE S RAAVRES - AHET N BRI RS HYHFEICR -

3~ LUAGEERY S RS SR B S figians
Mono syllable(MS) Double syllable(DS)
Model SER PER SER PER
DNN-HMM 41.8 28.4 28.7 18.0
TDNN-F LFMMI 342 26.7 25.3 22.5
CTC-Attention 32.2 18.9 6.8 5.1

E 8z s ilsE R
FNFPIEE T - EEFIAIH ROC HhaREIZF I SR S Z e s P AL
AN 4 R > eI S8 E PG (E R\ ESHE S ARK - EiRiE R ElE s
It BRI IIEE R - SR 2 P T (E ARy 0.1 Ry i 2 st 7 REAGEE
ESERME - @EEHPTRE ARl EBER] GOP J57ARTER S - SBAGKE 77
BESERAIZAZ ST GOP J70k - SHERIVIEAEHE 2 EEE Bt A S fR K -
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1.0 A

o o
(=2} [o4]
‘ A

False Reject Rate

o
'S
L

0.2 1

0.0 0.1 0.2 0.3 0.4
False Accept Rate

&4 ~ EAFIEE 2 ROCHH 437 [E]

R4~ BPEEIERIR

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
DNN-HMM
0.88 0.85 0.86 0.55 0.61 0.58
(GOP)
End-to-end
0.76 0.87 0.81 0.69 0.51 0.59
(Threshold)

5.3 BN 2 St B2 Enas R

5.1 @Y B EREE AT  CTC-Attention BUEEBISAR FHHLECA (4B ER 15 - Bl
e AR R TSR B IERE 6+ A A R 8 A 2 > 155
OSSR T 5 FTs -

RS ~ LIBERRTSE S i IS R

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
1-best 0.73 0.87 0.79 0.71 0.49 0.58
2-best 0.80 0.84 0.82 0.59 0.52 0.55
3-best 0.84 0.82 0.83 0.52 0.54 0.53
5-best 0.87 0.81 0.84 0.43 0.55 0.49

ARG (B L1 Glllefis ST AR L2 354 6 S i@ s - el s R e
A RIS RIAR R ER A © SRR HIBTIEFY RS > FMIHIZREIREAE - PR N-best HU%S
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SRABCHIET - ATEE SRR > SRR 2 e BT R4S RER =0T - B T (HFEA
REFHIETS S IR - B ARV E BRI TR L2 sERIIAGI SR AZEAE ISR - 77S2RE
S B A H R B E L2 Ay gt -

A EA SEEEHY L2 JIISREETR - S8 St MRS o] LB R R Rk (15
RIE SRR AR SR SEERREYR  1REHY ST R HIBL2 B RS TRAFHVSCR - LA™
BRI R EERRRAIFR 6 FR

6 ~ Uit Ui ER AR 2K

aur

E

Model Weight Phone error rate
CTC - 28.3
Attention - 24.5
CTC-ATT 0.2 24.8
CTC-ATT 0.5 24.6
CTC-ATT 0.8 24.9

HILEBRISHIEE A CTC-Attention EA{E(HH] Attention PRI FEAK - FAIMTE R G R
STRASEREASES > IMMEET Sy R iR AT H AR E R R i AR A
BB HIRCR A R — D aF il - SO/MEEEER[19]4 CTC HUEER -

ST IMEVSCRA N R 7 fn > BRG] CTC-Attention HRIH SR ER & H]
Attention BUERZEFANK - (HEH LA A CTC a3t St iR E 4f -

R ~ Uit S U ER AR S A A R

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
CTC 0.831 0.893 0.861 0.706 0.656 0.680
CTC-Att 0.873 0.893 0.883 0.714 0.672 0.693
Attention 0.875 0.892 0.884 0.710 0.674 0.691
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R8 ~ WEDETRCR

Initial Final Tone

DNN-HMM 0. 548 0.441 0.752
CTC 0.611 0.582 0.768
CTC-Attention 0.661 0.612 0.801
Attention 0.645 0.609 0.797

FH ERZEEREUR - @EEZEF 1M CTC-Attention £ Attention FYRUEREZE AKX - (H

& CTC B Attention HYHf & AEMER B T 2ETaE A, - (2B B4R -

G SCAE Y Uind o ek A e Wi s Z i lT 3 oAl R RS O B R
WraE AR - ol H EER (s HRE P as 1 T H iRy 7% - AEERE O BHIEER
o (I32RHERY GOP HYJ57E » FEAERAKRESIMAE Z3 S AR W0(27] 5 TEGEEH
BT BERERE SR BARIER  BIMIA T3 285 R 60 Plans 7= #Esi -
SR SRR So— 5 > B SR AR SR Ay S el - TR IIA L2 S5RE
SE AR R R A - BB A TSR - ISRV L2 SEE20GR
YRS o TTILA L2 5B RS IR AE TS F eIt sE SR - 10 Hi2 B IEHER
WA LI TT % - R iR Rl B ey R (E S 7 NN B - (RS
(TR EETT » MARATT[FbR T SCEB RIS > 7y ERE S b R AR 55 -
BanfE L2 MEEEPAETT 2 N FEER ISR ESREEC - R RIEE REUEE A
& MMV E S R e S e AR EC A S A o B (] 28 o ey = o — 7
FIR B A LU DR » JHEFAERACRE ST R BB R KIS SR IEMERIEE T 7% © 595N
il R A S 2 A SR - BB PRI AGR B — Bl > (EARR A SERE
HCEI RIS - 40[28]1[29] - (ESFRMIAVAURAEHLE IRIEH -
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A RS TR i 5eE T2 (MOST 105-2221-E-003-018-MY3 F{I MOST
107-2221-E-003-013-MY2 » MOST 108-2221-E-003-005-MY3 1 MOST 108-2634-F-008
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