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(Formosa Speech Recognition Challenge 2020, FSR-2020) HRTE{ERIZ4E - &
{5 F 25 BE 3 2 J71%®&] (Multi-head Attention) Fff#REAY Transformer ZRFEEETT
Tl B U BV EE E W A4 0 I HEE S T HESE MR P 78 (Connectionist
Temporal Classification, CTC) &[] T Ui FI[ i 31| 98 DL S it - Fefft & sl
BRI RS I I B A4S &SP 4EES (Convolutional neural network, CNN) EiZ55E
ERETIWEHIRT Conformer ZR4# o [FIHFF It @ 1L T 28 &S A P& 45 & PR =X
FER SRR (Deep Neural Network-Hidden Markov Model, DNN-HMM) - Hrh
oA DABS R PR E 03 = J7H#% %] (Time-Restricted Self-Attention, TRSA) K 53fi#
B AE (4K 4% (Factorized Time Delay Neural Network, TDNN-F) 727725 & (i
HGERIE 57 o B8R ITE G SUE T LS EIR(EN T IR % (Character
Error Rate, CER) £y 43.4% DIRAEGREPFEAERS FHUS R BN S s
(Syllable Error Rate, SER) 25.4% -

Abstract

In this paper, we describe the system team NSYSU-MITLab implemented for

Formosa Speech Recognition Challenge 2020. We use the Transformer architecture
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composed of Multi-head Attention to construct an end-to-end speech recognition
system and combine it with Connectionist Temporal Classification (CTC) for
end-to-end training and decoding. We have also built a deep neural network
combined with a hidden Markov model (DNN-HMM). We use Time-Restricted
Self-Attention and Factorized Time Delay Neural Network (TDNN-F) for the deep
neural network in DNN-HMM. The best performance we have achieved with the
proposed methods is the character error rate of 45.5% for Taiwan Southern Min
Recommended Characters (55307 5) task and syllable error rate 25.4% for
Taiwan Minnanyu Luomazi Pinyin (5 ZEHF%) task.

BRS¢ HEIEE S YR - Transformer ~ Conformer ~ FHGEVERFFF /3 )E - BEEfH
gt}

Keywords: Automatic Speech Recognition - Transformer - Conformer -~
Connectionist Temporal Classification ~ Acoustic Model

1. 45 (Introduction)

AR AT TR AE IR R LA R EEE (Deep Learning) BHGRAVEFHE - A LHE
FCRy T RTINS - fam EE S - T SEEEEM LR ERIENNY - BEREE
YE# (Automatic Speech Recognition, ASR) E/4EEEE T —(HETWVIER » FBEFEE
{5 F P& = v R A - S B R & #57 (Hidden Markov Model-Gaussian Mixture Model,
HMM-GMM) AT FEEHRRET » 2RI REEEHIVEE - HIR TGRS e
# (Deep Neural Network) HJ DNN-HMM - BFZEMHIZE4EEE (Time Delay Neural Network,
TDNN) DLR & HIECHE (Long Short-Term Memory, LSTM) Frifilchy (L 48R e A 11
DNN-HMM &5 7 A $EHY 5% (Peddinti et al., 2018) - {fi i ] IR 4 B 7 8 0 H%
(Time-Restricted Self-Attention, TRSA) #7887 DA IR 48E& 7 TDNN =% LSTM
(Povey et al., 2018) - JTFE AR H BB E Wk imE s (End-to-End) J37ARCR T 55—
HIMHFETE E Ui B Y 55 5 Pk S St i i i o sl A 22— (R 2 (58 ] L iy o S0
INSCERRS) o EEENS A 5388 (Connectionist Temporal Classification, CTC) (Graves et al.,
2006) DL K BL A 2B UE L B J7i%&] (Multi-head Attention) /Y Transformer Z2K (Vaswani et
al., 2017) (Dong et al., 2018) & A i Ryl F| it & PradaV =R » Hrp R T4 &M E/
E R e B [E TR SR S 54 (Karita et al., 2019) -

HESMNEEE PR AR L R P EERE ENES O &R ERR TS
WERT o HEHNGEEEREMAHEM VIS Al AA B HHIT - M7 558
FEE WEERIEIEE FSR-2020 (Liao et al., 2020) » G §H ¥ & SOEFAERE T In 2l 5 hss
BRI DU ST G P B B SRESEIL 7 DNN-HMM DK I By (5 58 2 & B
AT o RSOy R VUEEN 7 - B0y Reklam 5 BB By R SE U708 0 1 48m B EE
B R AL DU DNN-HMM AR RIZERE S5 =800 BB B - ERE
DUR B EREER - BBUUE oy Feblam o
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2. % 57E (Research Methods)
2.1 IHEHEAISEM% (End-to-End Model Architecture)

2.1.1 Transformer&zi%2S (Transformer Encoder)

FAHEE A o B I A TR 228 F Transformer Y8R5 28 DN it 23 BT EK - 3 BA FH 4mtihes
By S B NS M /0 3H  (Connectionist Temporal Classification, CTC) » 51 ZE 41 &
1 AR o BeAM s AV 2245 0 80 4EHY Fbank (Filter bank) fil1_F 3 4EAY#EH (Pitch) » &
FeRMGRLINE att [H&TE~Z (kernel) ~ P& (stride size) 2 ~ B AN 3 V&
TE4E4EES (Convolutional neural network, CNN) [Z{Eiim ARHEITHEE » 52 ETVRHE
Xsub g gseaxatt ok gtt Fyid B JIHEGINVEHEAEE RN B REIERS T BRI T ¢

Xo = X0 + PE (1)
X = Layernorm(Xl- + MHA(Xi,Xl-,Xi)) 2)
Xy = Layernorm(Xl-’ + FF(X{)) 3)

Outputs - Softmax R Linear

4 1

~—*  Add & Norm

CTC )
? Feed Forward
Linear Networks
T e
—*  Add & Norm
—  Add & Norm +
* —\— I Multi-Head
Feed Forward Attention
Networks *
? ~—» Add & Norm
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4 Masked
Multi-Head Multi-Head
Attention Enc Atteption Dec
Tosit?ional Positional
Encoding Encoding
Character
s Embedding
B
Inputs Outputs

B 1. Transformer-based fEIIZ1E

[Figure 1. Transformer-based model architecture]
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FHIA 20 50 B I AU S0 A PPN RT R AL B S o It A SRS as iV RS F A
Y b B 4RH% PE (Positional Encoding) (Vaswani et al., 2017) - 25585 S7t%#H] MHA
HIETE T AF ¢

. QKT
attention(Q, K, V) = softmax (ﬁ) 1% e
H, = attention(QW,1, KWK, VW) )
MHA(Q' K' V) = [HllHZI --'tHhead]Whead (6)

/E\:EF‘ K,V e Rkxatt PAR Q€ RYXatt = MHA E@ﬁﬁﬁ]\ , th,Wé{,Wfl; € Rattx(att/head)
BUF. Wheat € Rat<art SufSSEIGSH - att B R THEBIIAERE A - head [8
3= I RIET EAV4E S H), W ERBEE AR - Bl MHA AVl AETTIE72 %45 (Residual
connect) 1% i E[E1E#E(L (Layer Normalization) (Ba et al., 201652 48 AT H o A=
(3) Hfy FF HIZRieEHL4EEE (Feed-Forward Neural Network) » HH Wi g 4 i#3 fg DL K
Rectified Linear Unit (ReLU) JEUE REIFTHERR - (EHEUBRIESRIEE %R > S5 RLUN
URTESRES X, € Rseaxatt

2.1.2 Transformer f&fEZ% (Transformer Decoder)

3% Transformer 4Ri5250VHH X, 1% > Transformer fREGESELL X, DLRHT—{EFFZIHY
FooRAl Y[Lu] SFET— i For Y+ 1] a9t j s astIst B2 a .

E = Embed(Y[1:u]) (7)
Z,=E +PE ®
Z; = Layernorm (Z]- + MHA(ZJ-,Z]-,Z]-)) ®
Z;' = Layernorm (Z]’ + MHA(Z]-’,Xe,Xe)) (10)
Zj,1 = Layernorm (Z;’ + FF(Z}’)) (11)

Hep A7) R T ICr v s A (Word Embedding) E € R™ > Jiil BT E4RHS

B — RS EI A Zo - T —EEmHTIT Yu+ 1] agatgRstE =0T ¢
[Ps2s (VI21IY[1], Xe), .., Psas (Y [u + 1|V [1: 1], Xe)]

= softmax(Z,; W + patt) (12)

Ps2s(Y1Xe) = [Ty Psas (Y [u + 1]1Y[1: u], X,) (13)

Hrp Z, Ryl —@REESEsrnImt - wert e Rattxtoken patt g proken QiR w] DI S
B 1EEKH softmax HYE 1% AT LIS B (E AT 5 5 e A LA -

2.1.3 Conformer4gHEEs (Conformer Encoder)
T Transformer {RAEES4 Bt E 5 454 CNN Ei Transformer #Y Conformer 455
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22 (Gulati et al., 2020) > EiELFER4H (Convolution Module) DL ZHUEF & JIH4H] »
Conformer §E 547 FVELAS B ER LA 2 FYERE » BIRIZEREAIE 2 Fior © 55 i J@ Conformer
IS ESHVETERAZAT ¢

X =X+ %FF(Layemorm(X ) (o
X{" = X] + MHA (Layernorm(X;)) o
X{" = X{" + Conv(X{") (10
X;+1 = Layernorm (Xi'” + %FF(LayemOHn( i’”))) (an

Conformer { F 5 REE4EES (Macaron-Net) (Lu et al., 2019)FYZEHE » <5 W (il i 5 S 4%
B misasiViEE - I R AT A ERE R rY ReLU JBUSRECE A Sy Swish UG RKEL
(Ramachandran et al., 2017) » 554} Conformer £ 5} X Transformer-XL FYFH ¥ B §705
(Relative Positional Encoding) (Dai et al. 2019) » FHEIFA—RXAI( B 4REE » FHEHT B RiEE
[T A (6] = AV Ha AR HUS B B & - 2T R JI#H 2 1% » Conformer fiIA
T AL GIEEAHIE B GTEE (Pointwise Convolution) DK FI#E4RMEEETT (Gated
Linear Unit, GLU) (Dauphin et al., 2017)fF44 - HE @ H&LMEEELEFEE (Depthwise
Convolution) ~ #.E1ZE#E{; (Batch Normalization) ~ Swish J8JE ER# Bz BE (T A5 & -

f !
Layernorm — o+
' A
- + l
172 % 4 Pointwise Conv
Feed Forward ‘
Networks .
Swish Activation
- 4 4
4 BatchNorm
Convolution Module ~a A
L =l | 1D
> 4 Deplhw}se Conv
4 '
Multi-Head GLU Activation
Attention A
4
- + Pointwise Conv
172 % 4 4
Feed Forward o
Networks Y T
[E] 2. Conformer FEAIZ24E

[Figure 2. Conformer model architecture]
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2.14 JBET)I%E K &M% (Hybrid Training and Decoding)

bR T e asiyEn i oh - Pt G H FHmeSasvin Lt BEER P8 (CTO) » H5tE
FEAT

C = softmax (X, W ct¢ + pctc) (18)
p(mlX.) = 12 C[t, m[t]] (19)
pctc(ylxe) = Zneﬁ—l(}’)p(nlxe) (20)

Hrp wete g gattxtoken pete g proken S Hl D) BR8] o A ARV EE g A
A YRS R & 2R AT REAV4E & B s At B A (19)F Clen[t]]
K= Xe BV ¢ {@iEdmE nlt] A98ER - p(n) 2 —EZEH WX > &K o FITERRY
FICMER > B0 B(aBaabb) = aab - AFQ20)H BH(Y) = {n|Y = B(m)} RFRFATH WL
FOCFRA Y B E - B RMTRP R &SR LU CTC 1 - 152185 bR

Ly = —alogpss (YX,) — (1 — a) logpee (Y1Xe) 21

Het a RS2 ZEHIFSES 5 CTC FEIEK BT ATIEHIELH] o FEARIBIRELES - B T
fiEsas LUk CTC Byt oh - RMTBRSMINAGE SRR FERETTARES - AR 5040 T -

Y= arg max{Alogps,s (Y|X,) + (1 — ) logpec (Y|Xe) + v logpy, (V)3 (22)
Ey*
Hepy* RFEEHHIVEETES DY) AIREFESEAIRGEEFRS Y R 1 &
Y EBSE > oy BRI RGPS ER IS ARRESS - CTC DL EE S HAIFTEAIELE] -

2.2 DNN-HMM

2.2.1 RIS IEMLEAEER (Factorized Time Delay Neural Network)

bR T U E A A AR - TP E S & P (%5 0T DNN-HMM HYE & Palis
T o FEBREMSURICE 5 (P I E] T 4 BRI AE AL 48RS (Factorized Time Delay Neural
Network, TDNN-F ) (Povey et al., 2018) » [Ft a5 R4 S f-fffigd— R HRF FIE 11 48 e % 1 A8 B Bt
2 19 HR  FR R o (B R SR R TE 5 DAY SR e RR S - (i
M RSHEM > RMERKX P=MML,Q=P—-1 > UHEEBSEENR/NE
f=u(QQ") {15 M {RFFIER « SEEHITANXAT

MM ——(MMT - a?M 23)
Hra ZHEHS8 > &Ry u(PPT)/c(P) - [E 3 iy TDNN-F AYRRIZRAE » 1536 4RV

JE G R Ry 1536x160x1536 > Horn 55 —(EREE AR & fRFFIEXCIR S - Z & F L
ReLU FUS et ¥ - BB ELUREEEEE -
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[Figure 3. TDNN-F model architecture]

2.2.2 BERFRAIE & J7t%4&] (Time-Restricted Self-Attention)
7 TDNN-F 4 » Bt (s B 7 iSRRI B2 & M| (Time-Restricted Self-Attention,
TRSA) (Povey et al., 2018) » JLFEFFRNY B E B I HIEET R AR (I IR FIE AR E
#ilE » HetH =T :

Ve =2tk (D, (24)

(1) = exp(qe-ke//dk)
t 2 exv(arky /dx)

(25)

HPL R EREFEESIHHIFTRER AR AL G HIE q, kv A2 A TRSA [gHyE =
dy BlasE qk LR -y, BFEE v, BUIIREN - HEE g ARE q, BRTER
L+R+1 {# k :tEAEZE M softmax [FARLATEE] > 2 & FE#E ReLU BUE L
Rt B AL S R R A I Y - [EIEEAY TRSA thA] LU T2 0E (Multi-head) #HE - [
BE B B IR HIRV &S SR BEE ARG Bl o
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2.2.3 fEAIZERE (Model Architecture)

TP (e A =R B R 2R AR 4 Ao B ARV E2RHEUR 40 4ERY MFCC A 3 4
HYE S (pitch) fii b 100 #ERY i-vectors o B 5ol A g u&lid—fg K/ Ry 816 » PHEEE
(splicing window) %5 (-1,0,1) A TDNN » 5 @@ 6 J& TRSA-Transformer 225 » Bil—
fi% Transformer ZEREA[EIEHAT AT B2 B ISR B PR & 2 E B IS - H
TRSA Jgiim A | = q, k BI4EE /N R 40 > v B4EE AN B 60 - ZTREENEE
Bk 12 0 BEREIRFIOVEE LR A AR R 5 DUk 2 - BriItZAh » I ESE TRSA
Ji& K AT AR AS ARG 2 I A —J& TDNN-F - DK E sl (o A W 51 6 1A AR 1 B R FE 4
P& o Hrft TDNN-F [ty 4E AR/ Ny 1536 X 160 X 1536 » Fi B (A 4ERE AT 45 AN
HIzE B 1024 - B BT (E H oY B A2 i 8 B Lattice-free Maximum Mutual Information
(LF-MMI) $£[CAE XN (Cross Entropy) HYE#HBNIEAR (LS (Povey et al., 2016) » LF-MMI
SIS A B G & (Maximum Mutual Information, MMI) W R 25 B 5840 7 4 5] [H]

(Word Lattices) - 23| & 18 F

EAOPRER

t
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t {
¢ Linear Add & Norm
Linear T I
Feed Forward
T Add & Norm Networks
—* Add & Norm Feed F+ d
e orw
’ Iile(workzr LERE-¥
Feed Forward ')
Networks — Add & Norm
? TDNN-F !
—» Add & Norm 'I‘ TRSA
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TRSA - TR+SA — Add & Norm
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[Figure 4. Acoustic model architecture]
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3. EEs (Experiments)
3.1 EFE (Dataset)

3.1.1 Taiwanese across Taiwan (TAT) corpus

TAT-Voll-train-lavalier DL 5 TAT-Voll-eval-lavalier 548 B EIEHIERE » $F35EE
BERAETE  HEMERE 6kHz  XABEXEFTREEHT - Hi
TAT-Voll-train-lavalier 3£ 80 {7FE3E > &I E4Y 41.76 /NI » 3t 23,104 ZEZFE -
TAT-Voll-eval-lavalier 805 E4 4.78 /NI » 3 2,664 ZE2ZFE - TAT-Voll-train-lavalier &
BHERSORS » TR T ECEF UK G EIFERANEIE o B 1 EE—E AR —
B BT SCET SR HIRIEG SCET T MIbR - BRI S EP SR
W HERIE B P E YA FIER o BEAMRMIHRIER T SCA AR EE 55

3.1.2 PTS_TW-train

PTS_TW-train E§RME AR GRES [ &8 EH ) DUk T &8HiRA | METERNS > X
RKEGEIET » HUEEMAR R 16kHz » 4t 95 FEEHE - JAFREY 85.39 /NIF o TAT DIk
PTS_TW-train ERMENEIZAIF 1 - £ PTS_TW-train ERIEET » FHSOR BH HEERN
BFERT - (R W IF T g iR - HAS OSBRSS AF oL HEEFAFIE
F CTC-Segmentation (Kiirzinger et al., 2020)E ¥ ¥ HE R EN XA KR -
CTC-Segmentation F| ] &G4k 52 H BA CTC iy AR S AE Rt » WEt B e —id
B A AR SOR T IR > FE IS SCOARIIEF &R « FRPIFIA CTC-Segmentation #f
PRI HY BT (Log Probability) RS EER S HER BIRE » RS MRBERER
B0 R R E S5 T & RME PTS-1.5 UK, PTS-5.0 » ERIMEREIRNZE 2 -

Z 1. TAT & PTS TW-train ZEFEE B
[Table 1. Details of TAT and PTS TW-train dataset|

B HHER RLES S XA
TAT-Voll -train-lavalier 23,104 41.76 80 ax -~ Bk
TAT-Voll-eval-lavalier 2,664 478 - ax -~ B
PTS_TW-train 95 85.39 - ax

35 2. PTS-1.5 ] PTS-5.0 EHIELE

[Table 2. Details of PTS-1.5 and PTS-5.0 dataset]
EHE B RRERE HER RLES
PTS-1.5 -1.5 7,665 16.92

PTS-5.0 -5.0 23,363 52.71
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3.2 E#s%E (Experimental Setups)

?jdf' (e FH R E R 58T T30 0 e Al E ST ¥ SRR R EE) (Speed-Perturbation) (Ko et
, 2015) » BEHAPEAEFEER 1.1 K 0.9 WYEAE 5 DU TS AHEE BT Bl DL T ey
SpeCAugmem (Park et al., 2019) » H A+ SRR AT e By 30 ~ &y 2 » $HEIG ]
FERHI R/ INGE By 40 ~ & Ky 20 SPEIFRIHERAY A/ NAIEE B 5 o $HEImEImtEL] » 200
SEE MR head 3% 4> Conformer (Y& FEIRAR o 8 8 G RE E H G A/ NS B
32 RATYIRFHESE o 35E 0.3 FRIEMEEAIHESE X DIk vy 73hlEe ks 0.5 DIk
o A Adam {B{E#S (Optimizer) (Kingma & Ba, 2014) » Z5RAVE ¥ 5=041
(Vaswani et al.,, 2017) - FAEALLEAY 25,000 T EE 20 B > BEIR (HERIE TR -
TE ARSI B - FRAFI(E FAVEE S8 Ry g 1024 (EETHYRERIECTE (Long Short-Term
Memory, LSTM) - FlISREES BRI SIAR B K H TAT-Voll-train-lavalier 5z PTS_TW-train
BERHE o SIEGEPIE T - BT HIRE IRV RE S PR » IR DR T et
AYEEH#E (lexicon) FyREEEEETT T DNN-HMM HYRE S PRy - 56 di Dl e s P v RE DL
BRI EEF R E R & o FR{FIFII4R 77— (& monophone 1y HMM-GMM #5484 DL Kz 77 {[E]
triphone ) HMM-GMM #5754 L) By 75314 DNN B eE AR BERE4; (State Label) » 75 fRHE
Pe& B I {5 FH tri-gram 5B S 1R o I B I i5 AL (5 FH B R &4 ESPnet (Watanabe et al., 2018)
7 WifE Nvidia GeForce GTX 1080 Ti GPU _EFl|4% 50 [ epochs » it & A /]\(Batch Size)
2% By 32 - DNN-HMM #5 AU HIj 255 F B J5 & F Kaldi (Povey et al., 2011)Z&77. - i {F Nvidia
GeForce GTX 2080 Ti GPU _F3/l|%F 12 { epochs » fiL&E A/Ne%ky 16 -

3.3 FE4EE (Results)

3.3.1 830EFEEGEE (Han-j1 Task Results)

P ESCETFER AR mHYEE S PR - E  FM#E % Transformer
J¢ Conformer ZEFERYBEL ~ X B SIHEHINVEHEEE AR/ N LUK T BE A AR I 4 FE RN
MRS E B T TR I 2 - £ 3 S EEASENHE M EN T T
R HEEAVYISHEE TAT-Voll-train-lavalier » i fF TAT-Volel-eval-lavalier &}

EHE - HEREG R AT ET] - AT SEE R/ N o fEH] Conformer 4RbS52SRES1S
FI{EJY Transformer 4RI ESAVEER o FEETATRIEAE ha/| Sk G2 TR 22 52 > FRAMiF
FNSREEFHIMIA PTS-1.5 LUK PTS-5.0 > {SE|HVE BR4S RAIFR 4 Ao o TAMIP{sd AV
ZERE Ryt 3 PEp Lol s R RS > (i EERGER T UEY I ASS MY E RIS ETT
SREEZ BV BAIAYRUEE - B 5 RSBz HE%4 K CER ©
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3. T2 E BT ERRER
[Table 3. The results of different model parameters|

e A Transformer =~ Conformer

SHEM) 29.5 9.9 29.6 30.7 45.4
A5 2 12 10 12 14 12
NI 4 6 4 6 4 6
PRS- WLy elIE S 256 128 256 256 256
AIEETACAEREAEE | 2048 1024 1024 1024 2048
CER(%) 36.3 27.1 26.6 26.9 28.7

4. T AGNREL B GEETE
[Table 4. The results of the different training dataset|

BlIEG &S CER(%) Final-Test CER(%)

TAT-Vol1-train-lavalier 26.6 -

TAT-Vol1-train-lavalier + PTS-1.5 21.2 48.0

TAT-Vol1-train-lavalier + PTS-5.0 19.1 434

=54
90.0%
75 3%?9'?%
80.0% 69.8%71.2%71.3%
70.0% 65.6% 65.9% 66.2% 66.4% 67-9%
! 61.0%631%
58.6%
60.0%
50.0% Ay AT TR0
e 37.5% 38.6%
30.0%
20.0%
10.0%
0.0%
T21 T22 522 Our 521 v22 U2l Our G21 M21 A2l A22 W22 Wil X22 X21 D21 c22 c21 B21 D22

5. &XEFHEGR
[Figure 5. Han-ji challenge result]

332 EEPHZEEHSSE (Tai-16 Task Results)

Bt A A > FAMIEL#EL Transformer 475 a8 LK Conformer 4RHH VRS » LA
RIEg ALY S o E TR 5 R B E L R BT E 7T (Char-based) @ 155
— 3 37 [EAR[EFIT » BEERME SR E &I BEAL (Syllable-based) » 1553 2212 {EF
FEIMNEZ T R MER A T4 4EE (Byte Pair Encoding, BPE) (Sennrich et al., 2015) »

HBE SR o i R A ELAE T & BERCHTY Subword o BB RS EHE 987 (ER[E Y
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Subword - & 5 Bylim Bt A A B B 4S5 - Fe B {55 AN Transformer 45 i%E2% & Conformer
URHE S22 o B 3% 3 th 28 & By 29.5M DR 29.6M HIREAY - FE[EBEATIERIZLRE TR »
{5/ BPE REf5F (8~ Ho g ) B A7 9455 o e (E H E Ay S BE iz BF > Transformer
Amitsas RS TR YRR » Hoh DI T R BEALHY Conformer 7Y HIFR T S AU SL T B
o i &8 FAM LA BPE Y Transformer #5584 /% Final-test FHUS T 25.4% HYEEISERS -

#14%f DNN-HMM > FHFPHIET B 4 h =fEeg 2 R Ze gy 2 52 BRsER 0% 6 Frr
‘& F A% TDNN-F Jji A TRSA-Transformer 0] DS ZI{E 7> B 4fi{# | TRSA-Transformer [
GESR 0 A S -REEMRS 1% o] DAL — D BRI RE o et Mt T A PTS
BERHMEARUER » HINZERMER IR B & 30EY » RIELEAIFIH TAT-Voll-train-lavalier
BORHERS L 2728 (& SOEFHIEN G PFE  #E LS PTS BERHMEEN AP E UK -

FEGEEWNFE 7 o - Al eV EimiE R &z DNN-HMM #8153 /] B3 5 23k 6
o B PR R R R RV ] DUE AR S 2 U B e 1Y 6 & WS B2 & DNN-HMM 158
B R B R S R R A B I MR A ARG - Hoh X P s B s R A ER AR
FORHAS - [B 6 RS2 HE# K SER -

5. Bt BT R
[Table 5. The results of the end-to-end model]

Ui s Aot iy CH B SER(%) Final-Test SER(%)
Char-based 20.8 -
Transformer Syllable-based 20.9 -
BPE 18.3 25.4
Char-based - -
Conformer Syllable-based 23.6 -
BPE 19.3 -
7 6. DNN-HMM Erfp4sE
[Table 6. The results of DNN-HMM]
U2 SER(%) Final-Test SER(%)
TRSA-Transformer 16.3 -
TRSA-Transformer 154 )
+ TDNN-F
TRSA-Transformer
+ TDNN-F 15.3 27.1

+ B RHENEES
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K 7. FEFNFER BT
[Table 7. The results of the different training dataset|
A LR HIECES SER(%)
TAT-Vol1-train-lavalier 18.3
Ui B et B s TAT-Voll-train-lavalier + PTS-1.5 15.9
TAT-Vol1-train-lavalier + PTS-5.0 14.3
TAT-Vol1-train-lavalier 15.3
DNN-HMM B & HifsE i TAT-Voll-train-lavalier + PTS-1.5 14.4
TAT-Voll-train-lavalier + PTS-5.0 13.7
BHEFH (EEH)
60.0% 523%54_3%
50.0% 44_3%4?.1%
40.0%
31.3%
30.0% 23 55 24,25 25:4%27-1%
19.9%20.2%
200% 3 19613.1%13.3% 13 .5%13.6%14.3%14.9% 15.0%15.3%15.6%
’”‘°*"IIIII|||||||
0.0%
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[Figure 6. Tdi-16 challenge result]

4. 453% (Conclusion)
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P VEEE e H R AR5 25 Conformer 224 » fRH5 25 Il Sy Transformer Z24# -

(G-t (5E F CTC #5256 pf Bt [ AET T340 - Fe Mt A1l CTC-Segmentation ¥f PTS_TW-train
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