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(Encoders) 7 Jil] Jat B 5% ¥ 47 f2l DA R SO 2 > 3l BA 4y Jig 20% 5 77 8% A1l (Hierarchical
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Abstract

More recently, there is a growing demand for the development of computer assisted
pronunciation training (CAPT) systems, which can be capitalized to automatically assess the
pronunciation quality of L2 learners. However, current CAPT systems that build on end-to-end

(E2E) neural network architectures still fall short of expectation for the detection of
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mispronunciations. This is partly because most of their model components are simply designed
and optimized for automatic speech recognition (ASR), but are not specifically tailored for
CAPT. Unlike ASR that aims to recognize the utterance of a given speaker (even when poorly
pronounced) as correctly as possible, CAPT manages to detect pronunciation errors as subtlety
as possible. In view of this, we seek to develop an E2E neural CAPT method that makes use
of two disparate encoders to generate embedding of an L2 speaker’s test utterance and the
corresponding canonical pronunciations in the given text prompt, respectively. The outputs of
the two encoders are fed into a decoder through a hierarchical attention mechanism (HAM),
with the purpose to enable the decoder to focus more on detecting mispronunciations. A series
of experiments conducted on an L2 Mandarin Chinese speech corpus have demonstrated the
effectiveness of our method in terms of different evaluation metrics, when compared with some
state-of-the-art E2E neural CAPT methods.
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(Computer assisted pronunciation training, CAPT) [1][2] -



1E CAPT #5532 R [3-5] » SLERFEE S W (Automatic speech recognition, ASR)
FELAEREE B (Likelihood ratio) - [y B R {5 S TR S R UGS & e =0 m] LA A
(Gaussian mixture model-hidden Markov model, GMM-HMM) [3][4] =55 48 s g PR 45
&k =0 BT K57 (Deep neural network-hidden Markov model, DNN-HMM) [5][6] - 1F
a2 PR T AT B MRt R 4w R FE A (Edit distance) K5 RS FEOHIGE R B ARE 208
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I - AR EEBIRIE DA A SRS 5 k= L AR Y GOP (Goodness of pronunciation) [7]
B Ry R4 o ATEEAR > Y DNN-HMM AU SR8 i BN 910 2 > bt se&2][8] %3
bt 4w H B bt E sk (End-to-end ASRY) [9]fE LGB EAEHIHIIGURAR -

PRI > A iEUEE A5 T CAPT B ASR Y B EAHSM: - CAPT MY E L2 2=
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e H B T AR > AL ASR &G RIS B RS EERS - N Ll
Ji ASR 7f 3& 5= % & f@ M (Mispronunciation detection) DL k. $& 3R 28 & 22 B
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BN B HE 4y e =03 B % (Hierarchical attention mechanism, HAN)[12][13]45 &
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2.2 7 EEJIERI(Attention model)
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302 FIEYP (X, cq-1 ) FEH mbG RS BRI ESHY S AL E RS » AT DL RAIZTH8E

h; = Encoder(X) (3)
e;; = Attention(q_4,h, a;—1) 4)
exp(veu)

Ay =——"- 5

« 2 exp(yer) ®)
T

I = a;chy (6)
t=1

p(clX, ¢14-1) = Decoder(r;, q;, ¢;—4) (7

Frh, B RIS BAIBREIE I » a2 Fhew 4EH Softmax sl B M A 4 I EINETS
JHEHIRESE » T v Sharpen Factor » FFIATESRSHERERI S » q,/2 Decoder &—I@HIHE
R -

2.3 CTC-Attention JE&15EA (Hybrid CTC-Attention model)
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ELZ MR - CTC BA W A Bi& HEn SR - 2R - E4 B CTC MR ACH A
BOMYEE S BE P ERCR - HIFRNE CTC MR G e (I B E H R
il S REAE P R T2 B - IRE Wb S22 (Ol th T 45 & W 2 B (B RGBTy
CTC-Attention JE&HA - FEHEE A A USRIV ATR &N > A HFEH
CTC HyES B IEIRGNEE AT RauE - [ E R > EhaviRAEE
SRR AR PR S B S HYAKRE - PARYGII SRS AALE Ry M fE TR % el B4R A
N8 > FEEREBE R T

Lere-arr(CIX) = AnPe (C1X) + (1 = DInPyy (C1X) (8)
FRETEBNER ST ENANFRE CTC BT » AR A RS s 28 h 1 50
ARUER IR > A CTC #HEp -
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el U A0 AU R Y R (B T L B4R S 28 - 73 1) R 5% 5 4Rl 2R B AR R4 tis s -
25 W B b as o0 BT U SRRSO R - #5518 HAN St BReig S RifEA [H
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Decoder

Attention,

Attention, Attention,

1~ Z4RiS I i bR 5% E A H 28

3.1 SURFE RV

W& 1 FR > SRR S REREFFRFIIL = 24, 2y, .., 2, B0 A B 22 (A B A
Fo¥ R & M A FHRAHEC R A4 EE (Long short-term memory, LSTM)[18][19]
AR L > 2MRRSOR R A Z] HAN Jg thBiRE o BBl SRR S pFAVREEE -



2 BRI
SRR R IE - AR 2581917y CTC-Attention JRESHARIZRAS - £*A VGG-
LSTM HYZEHE - 1578 VGG JEfe HUEE 20 282 F LSTM S8R SR P VB P &
A& b Y B S AR S ek ) B A E] HAN g BSOS BF

3 rJE=)F = S (Hierarchical attention mechanism, HAN)

H R BRI S AV ZE AR [E] » A E RSO ASwSURA HAN Bl &
AR A [FE RV ER - AFUEFRAT

h = Encoder,(X), h? = Encoder,(Z) 9)
T1, 12
M= 2 alhi,i € {1,2) (10)
t=1
i = Bun + Bt (11)
Bi = Attention(q;_1,7}),i € {1,2} (12)

N )Y (E Encodery 5y 57 il 3% B BLUSUOR R REVRGES - EAEUESR € {1,2}E RiwiS
as LA RSl I AV 5| - 55 (10)ZUrP HY oo A {18 4 5 25 25 H HY B2 ek im) & i AU E B 715
AT 2 > Basst BliEn 2R A4 H(E) - EilAZ((12)B A =0(10) Ay {E0
feE ST EREE » WA AZ QL) AENIE HRA HI I B By (F R A 2(7) SRS SR (A -
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4.1 =Bk

AN S [ FH S E R # RSB A THAR N BB G T 2 HEnB S8 LIERE R [20] - HoohmT DLy
Ry gEahBEEEE (L1 speaken) DA R BRI EREREE (L2 speaken) iy - HefPIis L1 SBRHIH R
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AR > FefFIRF L1 BlIIREEEL L2 BlIREE & OF(F R IR MIAVEISREE » U E A E B
Ay L2 Jsde - SRt &Rk 1 For

R~ FEREEPEE LIRERERIE 2/l G e ~ SHRR R BN

BFREICNR) | GBEE BEYUE | RN ETEREE

L1 6.7 44 72,486 ]
Al BREE ’
IR 115 17.4 82 133,102 29,377

Ll 1.4 10 14,186 -
B

L2 - - - -

L1 3.2 25 32,568 -
AEEE :
PR 75 44 55,190 14,247

4.2 fHATEE

W
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s SCH BB B B P B R Ui i s B “Espnet”[21] 58 5% FE 28 Ry
[IFSERTEE - B S PR VGG A LSTM » il HEYHE T &) > BHEAR[2]
AERLEE SR A HTRER » SORER =5 B B i SR VGG JB AR 2
BREESORE RS - BAGSCEAIR 2 AR > AEd o275 “Espnet s E TR (2 4
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R2 -~ BRSHEOE

EEESFE (. Encodery) AR Encoder,)
FHE 80-dim fbank + 3-dim pitch pytorch word2vec

dmbE e tE s VGGBLSTMP BLSTMP
SmiEas g Hy 3 3

AR ES A RGEY 1024 (BLSTMP) 1024 (BLSTMP)
fAnG 2 A LSTM LSTM
A 2

P B BT RE 1024

CTC/Attention JE &L 0.5/0.5 0/1
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5.1 Hradai R

By TEBse PR FISURTRRE - RGE CAPT (EBHTARNME: - AE SR A4 ) R AT
2 FE S A E (F-measure, accuracy, precision, and recal)iff5¢ » FLEFE4R Fy A F SO R
TR i CTC-Attention JESHAI[B][9] - H 2B P12 R st il chag S oy
MHE -

TERTAt & 51 ] DASS R A Sm SCHR L VIS A AE S (ER AR A T BB R R AR A BRI 5L
AEERHARGR o IESMARGmSCEER 7O A ER CTC SHBE SR ER o B AYAE R » S83RAE
precision HYELIFSE] 72T > A HANER 732 Ry - nfLLHIENE /2 CTC 28l » &
SRR R G AR S RS - BRREIESRE S -

S » ASwSCRABATI SR [11)49 A bLE: - S35 A E By B8 BcREE R T50A
REFEA[1 I ARt N\ el B SO R Bl SRR R i B R VA IR s E - HIA
Ry 7 NI R - (RS DR EARESE D » S5—J5TH - FE[11] R8T DAL
{5 A DNN-HMM {7 (GOP+MFC)HY F1 65.2%fH#s (I Al S £ 4505 F169.2% » FiT 1L
H A 5 7 A g e s il B BHERER R F4HY DNN-HMM J57% © 558h—{n
MHATHHFE[L0]HFEILsEEEEE - (EAGR L EAA RS B2 E Y CAPT » HEEAFIA
ot 1

3 L2 A SR AR

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
GOP [11] - - - 51.8% 63.5% 57.0%
GOP+MFC [11] - - - 69.5% 61.3% 65.2%
CTC-ATT(SR) - - - 70.8% 67.9% 69.2%




CTC-ATT(SR)
- - - 71.8% 68.4% 70.2%

+PS [11]

Baseline 87.7% | 89.1% 88.4% 70.7% 67.7% 69.1%
Multi-encoder

. 86.9% | 89.2% 88.0% 66.4% 71.2% 68.7%
(without CTC)

Propose 88.3% | 89.4% 88.9% 71.3% 69% 70.2%

(with CTC) ' ' ' ' '

5.2 N-best 455

SERI[1NEE - Aam OR3P EA CTC \UAREREA » $RH T N-best /5

Bhify > B DLESERPEZ G I B CAPT BEL 28 2 ETH AN » S sE sR S 2 i
= BfEZR Precision 275 7 > {H Recall € &8 %k - BEEEHE HAFES -
725 ~ N-best %7~ CAPT (iS5 1 RE 22
Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
1-best 88.3% | 89.4% 88.9% 71.3% 69% 70.2%
2-best 61.3% | 85.8% 71.5% 40.5% 72.3% 51.9%
3-best 55.0% | 87.3% 67.5% 38.8% 78.1% 51.8%
4-best 53.7% | 88.6% 66.9% 39.0% 81.1% 52.7%
5-best 53.3% | 90.0% 66.9% 39.5% 83.7% 53.7%

5.3 SRS

A S LARE S S A E AT B3 EEREE ST » AESR 7 hiRET R RE(Initial) E2EE AL (Final) {2
VUt SR IREY AN - BHRIRERL T

ZSRPERIL A T R b > HARE RIS -
ENGIREL e gy IR e g RoPHRREEE

3. IEHEESE(True rejection, TR): Zaepfiaitbad & Ryphaniad = > HAEE Ry LhEsd = -
T HEE M IERES

1. IEHERESZ(True accept, TA):

2. $EERPEZ (False accept, FA): (HER

4. $EERIE4E(False rejection, FR): Z&RHER L35 Mgl ds



EHSRETER G ISEE 6 - Hip CP (AR IEMRET - MP ({FEHH:R%%% > Ground
Truth B CAFER -

=6 ~ sEEREE EHIRIR
Ground Truth
CP MP
Model CP True accept (TA) False accept (FA)
Prediction MP True rejection (TR) | False rejection (FR)

R EREREEENSR R A

TA FA TR FR
Initial 19595 (76%)| 1318(05%)| 3347(13%)| 1615(06%)
Final 14364 (54%)| 2701(10%)| 6654(25%)| 2874(11%)
Total 33959(65%)| 4019(08%)| 10001(19%)| 4489(09%)

B L] DS AE B AR B A AR SRS (2R LAY IEREREL
= o A SNSRI R ERR R3S LR A (Tone) » FrLAAFIR EAZE#E - H
WAFIF ZEeHER - NIEAER 8 ARG S E BABIEE TP oCHY 5 TR S s & > 1]
DIEEAE — R EADURR Y TA EEBIESS - 1o =R SRR LR P » FL PR N R EORt AT
GEEBR ) - FTLLAE ZHIEsaR - Am O — VR 9 SR E R Hsaay > L2 828
FAETATES ST SRl TR RE I T ARER S AR 3 iRRA IR Hoh None
FIEHE L2 25BN AR E R T - AR M MR 2 > B
FyZ B L1 sEE s BRVERR - (3R 9 nJDUBRE =B E S BRE - AmCHEr
TEAFE RN Rt A - =Ry FO dmERablne V FFRI[22] > REX E5Hor
BEWAR Ry o Hrh DS S R A HIEE BIERAR > AGm SCHE 2 R Ry AR HoAth i 3 -
VUREAHSEHESH - R W] DA AN B DAR AR RISELS 5 2 s AR HEr -

R8 ~ HE R ERIR A
TA FA TR FR




Tone 1 4413(66%)| 536(08%)| 1142(17%)| 592(09%)
Tone 2 2544(47%)| 603(11%)| 1498(28%)| 726(14%)
Tone 3 2386(35%)| 885(13%)| 2677(40%)| 789(12%)
Tone 4 4780(67%)| 604(08%)| 1047(15%)| 700(10%)
Tone 5 241(36%)|  73(11%)| 290(43%)|  67(10%)
Total 14364(54%)| 2701(10%)| 6654(25%)| 2874(11%)

RO ~ PR R A

Non-native Pronunciation

Tone 1l Tone 2 Tone 3 Tone 4 Tone 5 None

Tone 1| 6071(91%)| 183(03%)| 95(01%)| 234(04%)|  9(00%)| 91(01%)

Tone 2| 335(06%)| 3840(71%)| 1010(19%)| 27(01%)|  8(00%)| 151(03%)

Canonical | Tone 3| 86(01%)| 2239(33%)| 4088(61%)| 122(02%)|  7(00%)| 195(03%)

Tone 4| 101(01%)| 16(00%)| 110(01%)| 6757(95%)| 82(01%)| 65(01%)

Tone5| 178(27%)| 20(03%)| 24(04%)| 101(15%)| 344(51%)|  4(01%)

N ém afff

AR TR R S R 24 B 2 R as A e AR AR L
HEL HAN EhRERY & fF A FIACRAVERN o EERED > MBI it i SR A SRR PG RE
HHUS T RAFHV#EESD - 38 T IE(E AR A R - So— U5 > (E R TRAERE T
HAath BRI AR A A B AR EEIR « FERAREVER ST > BSOS 5
BT R EE ARG A o /M B RE Gl (BSOS e R i w2 - S
IR EASHITE - ST SO B S R E G T BRI R S R FEE R AR
RSO 2 2 > B ESORR B B s S R B 7 E TR NG R R RO
FHEHIBE EE © R > Aol H AT A EE R — (&R R T E SR - R a] U
FEEZRUERE LREGH N RN -
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