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Abstract

Automatic pronunciation error detection is to meet the needs of second language learners’ pro-
nunciation practice, and advanced automatic pronunciation error detection systems usually de-
pend on the recognition rate of the acoustic model. With the development of deep learning tech-
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nology, end-to-end acoustic model algorithms have gradually matured, providing new ideas for the
research of pronunciation error detection algorithms. This paper first builds an end-to-end pronun-
ciation error detection acoustic model architecture based on the Connectionist Temporal Classifi-
cation (CTC) algorithm. Secondly, based on the phenomenon of second language transfer, L2 pro-
nunciation often has the phoneme characteristics of its native language. This paper uses transfer
learning algorithms to improve the performance of the acoustic model based on the native lan-
guage, thereby improving the accuracy of pronunciation error detection. Compared with the acous-
tic model that only uses the native English language, the acoustic model that transfers the Chinese
phoneme features has a lower error phoneme rate, and the training time is reduced by 7.3%. The
correct rate of error detection in pronunciation error detection performance has increased by
2.06%.
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BE A 2 U R B R R, R Z M NSRS IR G RS . tHENENE 5 % 2
(Computer-Assisted Language Learning, CALL)$Z A [1] 7] S2 B BE i Bt o] U7 i) M 1015 = 3 322 (2] s,
i B CALL AR FE B ML, R R 3 B S # 2B =, Wl H sk 2 ) &4
MALII R3], BiET ARSI EHRME L2 KEZN CALL REUEE A HYLH B R &4 25
(Computer-Assisted Pronunciation Training, CAPT), CAPT R4 n LA R AL FRAN 43 b7 2 > 3 U A8 3%
F%. RIEANEEHTEZBBUE TG . )5 RIS = 218 R E WA . B3k ERR[4] (Automatic
Pronunciation Error Detection, APED)Ki /& CAPT RZEHIAL O BEMSHERRRS I 27 =T 3 AR K 35

BT, I B R SRR [ 5h1E 5 R 9] (Automatic Speech Recognition, ASR)_HUE T4k K k&t . i 5
i P AR A G5 T e 1 /R AT AR A (Hidden Markov Model, HMM) [5] [6] [71ANA], A7 B AE M2k 5
XIFFR%E . Thhh, FREE] APED RS2 M2 S BREFESNE B F AR, WA >3,
HARNS I, BT THERIR, L2 K& A HLEHERF FRE. AR TR % o) Fiki e
RETE (s 2 75 AR PE RS, TR s R S R B R . IR A SRy it B T AT A% 5 20 1 3 APED &
. fEASCH, AT B APED REES 2 b 4. 58 3 ik, #HTsRR S, e, ik
SRR 4 A .

2. iRBiK APED

AT B I 2 s APED R GEEAT AR o i B i 7 AR T B E UE S R B RIPA. IEFEE
REDL A I P 22 R S 4R T APED RGVERERSAT 5. Ul Z i K 75 2 2 U Unl 1) 35 R P A 220 e 1 EE XS
BLEHO, BERSAE NS 2 1R 5E 1 3 L F I ZEXT R B H R TARrp R B (. RV A A A AR50 ) 1)
HRTYIERHIW RS P R IR, A, B SRR

DOI: 10.12677/csa.2021.114091 886 H LR 15


https://doi.org/10.12677/csa.2021.114091
http://creativecommons.org/licenses/by/4.0/

2.1, FHIEHREL

FRAESR I B 1R R4 15 25 I B e ¥ o 5 75 S BRI 2RI P8 22 R IE S 8. FHIE S BN B — 8
X G fe ), DAME RS Z @A R TT A RES A BLIX 20T, SEIRHERA IR n . &R -HIRER Mel
P53 22 H(MelFrequency Cepstrum Coefficients, MFCC)F1E % 2k 7l £ #(Perceptual Linear Predic-
tive, PLP). MFCC HFfES 55 N B MW o ke, AR R — RS EEAE 25, H “Mel 383K
R AT, P B EOR 2 AR e L 4 S YE 2 A AR DGR [8] . PLP HFAE & —Fh s T s i A 1) =
£, TEMEFEIEE FERE I — 2. BT AR S B R A A X PR T S SE A . BT AR
FEIEN Mel S 51k 240, MFCC $RHGERE— Moy NTUINE, 40l DO, P Betasin, H/Rugnk
R, BHURSZAH . TOINEE, Zrmil, N2 &M P RHE R I A M TAC B AR . B IELL )
BEIME SR LT 2K — Wil SR A P T B 5 5 o PRodd B AR o I 30(5 5 % s (5
SHURREZHHUAIREREE. EH “Mel JERIRH” FATIER, FHEHEHORIZTH L i g5 2 5
FRIAH M

2.2. BF CTC HinBlin &R

T, B B S U AR R AN, — R EET CTC BERAY, 5— A RETHEEIM
Seq2seq BiAY . T TG A T B AR . AR SCR R TR 17 43 28(CTC) i B o B AL B . (A
22 9 2% (Recurrent Neural Network, RNN)— LA ZIEE Jyfai N, 383 I 2% P9 B 16 45 0 B0 A7 R e
PN TR B R FRAFAE, — Mt 2 DUP S AT 4 o %5 RSB REEE B RHEF L2 AR RREE R o3 44
PR, R B AR I 2% - KA D2 A2 M 4% (Long And Short Memory Neural Network,
LSTM)VE N AR 22 [ 25 (9]0 AH L5 @ A A0 22 0 268 5 R0 o 7 KA ) 8. LSTM 3@l imA 3
AT, BT BNTTRA T, XM M R e AR B R B AE, iRz n]
DAEFARIBS T —Z W% . f Al 1@ Sigmoid bR £k i B 58 14

ftzo-(Wf '[hl—l’xi]-’_bf) 1)

HrwW, ARATIAE, b, AT TWE. f P{EE0 2= 1 2.
BRI % LSTM W) RS .

i, =o (W, -[h_,x]+b) )
C, =tanh(W, -[h_,, % ]+b,) 3
C = ft *Cpy +it *a 4

Hrp C o NEH =& e OREF” EC s Hbhw, . W oNBEETIAE, b b A G RE.
B AH 1R T A TOIRSE C, B AT 4
0o, = (W,-[hyx]+b,) )
h, = o, *tanh(C,) (6)
W, AT TIRCE, b T TmE . “RE” [ELT tanh s S5 H T4 H o, Mk 445 2
fRZTeH h,
CTC Mk s i KSR N
L(S)ZZ(x,z)eS L(X’Z) (7)
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L(x,z)=—|n2‘;11a(t,u)ﬂ t,u) (8)
Hodr, |2') o Z M BLAR KL, a(tu) B(tu) FRas t I ZIZIET R u T BR AR IR A

2.3. ETFEBF I iwEliK APED

RS 5 S B A R EREAT 22 2 IO BE T, R AE IR U b 2 B R 78 N 2 H AR U
JRCTE TSI ZREHE AOBR ], T DR G MR SR AR ERE A B /D (0 [l TEA% 2 S U AR IR BEIE R 52 21 [10],
T N T BRSO G NEEAR 22 3] . APED R GUEAT 2 L 5 1 8RB 5 5 S8 #K. A
W T2 PUE BRE R JETE 9 55 — 15 5 (ChineseL.2) 1 A F A0l i 8 A1 XL A2 24 S AEIR EE R £ P 2% L 1) 7
H1, R P SRR DB RS, BT, Chinese L1, WRHZE Il Zk)5 IS BT 2112k 081k BHE, B, EnglishL1,
ERER S R R DL R 238 T 2o APED TERE. £:T3LR8 % 2J I 23k APED a4 1.

S YA 111 e Tzl 111
[ CTC ( CTC :
1 Densetsoftmax)= Dense+softmax/z
Il I=0-0-0 -1 |
Lstm M 4% - \
IR IEIE| J+0>0+0~[
! Padding/t t Padding/2 ‘
mecetfEFA | ] ] | meofFE5) | | | | | g
[ tewm [ mian | | s
1
FCLI B
l FeAIRTE
miecF A bumm ok
ot ) = CTC
— | #tE m— Letmll || g | — —_— | EEEWLA
HEYL2 \ — i — -
\ ~— — —

Figure 1. End-to-end APED based on transfer learning
B 1. EFiF%%¥ JinEi% APED

3. KBRS
3.1 TERIEE

ASCEFE Timit /E24 English L1 BREEZ 1R E[11]. & sk HEE ) A EE 5 X 1 630 N A A
NULH S E 1) 10 M), BrA A FHE S =490 LT 7 F3#%], drid. ChineseLl BRFE &1k}
JEE A BRI S A DR A BR 23 ) S By 1) o SCARUEVE 35 3, S AR (E e LUK T 35 dB. &4 =0
WAV, KFEZH 48 KHz [12].

AN, ASCHIE T N English L2 1535188 E DHU10. U4 10 4 R AR 2E 24 (4 4 SR 6 4
M) AR 400 F)BECSCE AR, I HAE S F2 NN R &G RN S R AT
32. XINEE

ARSEIBHAEE : UMK 25 ms. W% A 10 ms X iE = SRR BUSME, Mel €235 H A 39,
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& 133 39 4k MFCC #F{iE. Batch size K/NK 64, Fdfif N\ LSTM W48 THE4T padding #1E LALRIES A
BRI E—8 . B2 LSTM 85 150 M HEIG, SEIRXTIER 2 2 5 2 LSTM #H47 Xt . Dense Z4i
Yk A softmax 2 5 e U R PR SR REH o 7 AR IE AR IR B S — N 200 WX

3.3. ETIEBFEINRBINL

S 2] 3 P SR AR N SR P IR Dy 12 /NI 18 73, 388 2 >0 i 21 i 75 AR T IR D 11 /NS 24 738
UIZRI T8> 1 7.3%. P 0 7 A A 40 % R BB B N 18] 00 1 B o i 2 o iR 22 S 7 it
RPN OR B 6 o SCE R AR BT AU ZRAT I 5% o0 e T S IR

160 - BEEEAPED

0 S FF AR 20 b33 APED
1404 % i
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Figure 2. The loss function changes with time

B 2. iR R HpERT R 2L
3.4. ASR M EES R

HLiR) H 7% (Word Error Rate, WER)/Z ¥4l ASR 4 B8 5 B EL B AR . AN S By & 28 G0l iR il A
R vERE. DE, BATE & KR (phone error rate, PER)1 0 H 2R R GV RETRbr .
S+D+1

PER = *100% 9)

HPNRZERLSH. S, DM RREEGH. WAER. WML 200& @ Needlen man-Wunsch
AT R L LB AR 1 5 e 91 5 55 5 B

RYEZ 1 I RAGH . I B 75 AR TR 2~4 J2 LSTM WM&, B 25 T35 R AOEHR RGBT
F%. 7E%F0 5 2/ LSTM W& if ETF, KA English L1 i8R TIMIT 38 A5 S 200 K& H 8. i
27 >0 i 30 ity 75 2E AR R F 5 2 1 LSTM I8 B 5 AR R SR AT AR T B, — B FR B AR o T R AR /N )
HAE 2~5 JZ F1J LSTM W26 & 2 F iR 2 350/ TAD A 2 >0 i 3 iy 75 2 AR (R 78 2R . 08 L1, L2 BRE
VBB 2 (BT IE RS () 75 2 A L LB L2 BHEE R I B &E & APED.

3.5. APED MgE54&R

APED [IPEREFRFRMIEL 5 ASR SRR N E 4. AL T8 3 S HAR & 2RW K . Ny [ iR
BANBHEAZENE L. MIEMASERA ST RAIERN TA, RZN FR. XSRS R SR IER S
EANFA, RZANTR.
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Table 1. Phoneme error rate of acoustic model
%= 1. EFRBNFREIRE

2% T2 % phone error rate(%)
JE A 9 3 4 5
i ]Sty 75 ALY 25.48 17.62 14.30 15.22
TS 2 =] v 2 vy 75 ST 22.31 14.31 13.64 13.23
BRI H 3R
BRI A FIRH A
I R l—k—l

R B G0N Eif

W g e it

(TA) (FR) (FA) (TR)

Figure 3. Parametric variable class tree diagram

E 3. SHTEXNE

APED [FHEEE, A [EZ LK F-measure T84 E A4 100 11, 12:

.. TR
Precision = ——
TR+FR
Recall = L
R +FA
F-measure — 2 Precision * Recall

Precision + Recall
ARG AMEE IERRZ I R A

TA+TR

Detection Accuracy =
TA+FR+FA+TR

K H English L2 153515k E DHU10 64F APED R4 MIMERE. BRFITERESE oA R % 2.

Table 2. APED system performance results

5% 2. APED R HRELER

(10)

(11)

(12)

(13)

Precision Recall F-measure Detection Accuracy
3t 2|3 APED 55.31% 79.23% 60.08% 86.17%
FeFAER 2 ) i 3w APED 58.12% 81.05% 64.39% 88.23%

SEOGHE B o FE T I RS 3] v B APED A L 21 APED #5485 IE#f R 325 2.06%. 285d L1 BEHE

EHEIERNERE . APED RG15ES] 1l HEEHE R SRAE, AT R0 E T L2 KER.

4. BY5

SRR, ST I 5 ) i B 7 S AR TR A L o 3w 7 A R B 1 E ASR TEfE_EAT APED PERE L #E
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