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Abstract

This paper sets out to investigate the effect of acoustic modeling on Mandarin large
vocabulary continuous speech recognition (LVCSR). In order to obtain more
discriminative baseline acoustic models, we adopt the recently proposed lattice-free
maximum mutual information (LF-MMI) criterion as the objective for sequential
training of component neural networks in replace of the conventional cross entropy
criterion. LF-MMI brings the benefit of efficient forward-backward statistics
accumulation on top of the graphical processing unit (GPU) for all hypothesized
word sequences without the need of an explicit word lattice generation process.
Paired with LF-MMI, the component neural networks of acoustic models
implemented with the so-called time-delay neural network (TDNN) often lead to
impressive performance. In view of the above, we explore an integration of two
novel extensions of acoustic modeling. One is to conduct semi-orthogonal low-rank
matrix factorization on the TDNN-based acoustic models with deeper network
layers to increase their robustness. The other is to integrate the backstitch
mechanism into the update process of acoustic models for promoting the level of
generalization. Extensive experiments carried out on a Mandarin broadcast news
transcription task reveal that the integration of these two novel extensions of
acoustic modeling can yield considerably improvements over the baseline LF-MMI
in terms of character error rate (CER) reduction.

Keywords: Mandarin Large Vocabulary Continuous Speech Recognition, Acoustic
Model, Discriminative Training, Matrix Factorization, Backstitch

1. 3% (INTRODUCTION)

PR EEE WSRO CEA T REAVHESD - Hp > BB ’”LF“ fi% R T LA BB S LA
TIHIZE R 3 2 > B B R LRI G 4R 0 = R & B 45 SRR =X v R Y
(Gaussian Mixture Model-Hidden Markov Model, GMM-HMM) (Rabiner, 1989) (Gales &
Yang, 2008) - #5152 s A I 52 771 (Cross Entropy) {F Ry 5K el By 28 R AL e 45 & T
i =0 n] KA A (Deep Neural Network-Hidden Markov Model, DNN-HMM) (Hinton et al.,

2012) - DNN-HMM [ LATE ] GMM SRRV A Rl 8 DNN Y g FrfUR AV SR8 1%
ZRATALL » T AFHESE & R A AR AR - da AR GMM-HMM & FEY Triphone
HZREEME - DA R KAV 22 (Word Error Rate, WER)Z(5E 55 2 (Character
Error Rate, CER) « 55— 711 » #2177 it i i !| Al A 0y e B A5 T A B Py R B
AR 8 DA B G R 2R FE AR A B 1 25 e B 07 AR AE B4R Fae
(61 Héllz%gﬁﬁﬁ%z_ﬁiﬁiﬁéllzE’J*“ﬁfr%%”ﬂﬁﬁiﬁﬁ(wm Lattices) * 714

T N B EE R R 5| 4k (Bahl, Brown, de Souza & Mercer, 1986) (Vesely, Ghoshal,
Burget & Poveyet 2013) o FTAEAR Ry TR DI R 22 AR RS - A E E Y Maximum
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Mutual Information (MM)Zl|&k - HEH T FregAY Lattice-free Ay = » (EEA B CEREE
#1F GPU E5ERi(Povey et al., 2016) » [AI T a2 it =Calll SR 15 DA by 3 i 19 31 46 7 =
(Hadian, Sameti, Povey & Khudanpur, 2018) - R KHEE 1 B2 AE R | SR A BHSRY -

{45 DNN-HMM {57 17> 58 2 Wk A G BE 1E A 00 A 78 0 F FHEE 5 (5 9% 2 IS R
M 5 20 [E £E (Graves, Mohamed & Hinton, 2013)Ff& %1 » BL A 4 e85 (4% (Recurrent Neural
Network, RNN)EEE A 51 M & RHRES A 0 B SR A A A FT 5 2 HY RNN-HMM 2 2
A EL R AR A2 A 20 DNN-HMM RS - Rt AR AR R (Long Short-Term
Memory, LSTM)EU{ RS2 RNN AR al g AT (LSTM-HMM) (Sak, Senior & Beaufays,
2014) » fi# K7 RNN-HMM BBEEE R AR - (Fah e Pak b ae% 2]tk DNN-HMM 471y
RORABAEE R b IS RV B AV IR 5 DNN-HMM — %11 7{L3I%# (Pascanu, Mikolov
& Bengio, 2013) » PAEAE RSN SRES ATV A0 o 55— 71 -t i B B 2R s 1 4
(FREE SR » BN G 7R AT S TERYRE S a1 AH SRR i A B e A 4
(Time-Delay Neural Network, TDNN) (Waibel, Hanazawa, Hinton, Shikano & Lang, 1989) =]
DLEL & RE SRR 2k Y~ R R I RE & eH R 5 > f TDNN-HMM B {47
DNN-HMM 3Rt A7 (5 » PRI A (P LE-MMI 1788 i =3 Sk » AR B (e o
LA o7 48 2 (] TDNN -

HEAEER AR S BB R A M A 5 ¥ B (Ba & Rich, 2014) » BTG
B % BEA E IR RNV R RAELAE ST - ¥17A TDNN 15 3600/ 80T DR 2R BUCE RhF
REEES 4 BRI S A%E TONN EY48RS B B SI 4F 945 5 - (5 DL R B BRES BLARE
HIHERS A RACRIRE - SEH SRR I R 2 MR e N - RIE AR eSOt
WA & R HE R S G SR 702 » Bl (Povey et al., 2018)3 4R ik Ay Ak fek 75 it l| 4k
AT LA SRR E - DA R S EEE PRI - 5— 7 BE TSI TE
({EERITINE A2 — » 225 By LB LB SR B U704 » e RAVE(LE
VA TR S T %A (Stochastic Gradient Descent, SGD) ~ RMSprop ~ Adam - Adagrad -
Adadelta (Ruder, 2016)5H 0% ; Hrf - SGD BEUAIERE S WAL R w B R < 1
A LA ER 2 [E] 814 (Backstitch) (Wang et al., 2017)fi B RUEALAYVERDE - B
A SGD ERYHE - A EERESRE FH WP BRAY S M Minibatch » DUZ S SIFATREE -

HAG LA BTl - FAR0 Ry n AT A pE A A0 Pei o it AR T IE 1| 0k 5 2 g A A A 4 e
A5 [E]H - {5 R Backstitch JR A2 AN AL - fed% RE (RS SR D - UL -
w5y REbE {2 . TDNN-LF-MMI > TDNN-LF-MMI A A S TEASARAR R [ 53 i
TDNN-LF-MMI A A 2 TE A AR FE o i Fe AR Bl 1A B L BEUA AT PR BOR - & TE
TDNN-LF-MMI A S TEASARRR AR R o fife Ko 2R O S A (B AL TR A 2 Bl (A S BEREHT i
FEE MRy CER =3 -
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2. EREEjERI (ACOUSTIC-MOLEL)

2.1 %ﬁ%%ﬁﬂ-ﬁi} M ZEME M ZZ 48 B8 (Time-Delay Neural Network,
TDNN 7£ 1989 F 442 (Waibel et al., 1989) - ¥/ A & ZHEak 5 B> TDNN FrEdmy
TERIZERE > REE A R E S P A R A B P8 2 B R RS A — 2 FF4% - TDNN %
{18 P ek g 1y B e B R e TR - A PRl R U 2 o A A Bl — S E R [HIEY
ZIAE - SEETEE RS T SCRISEHBIMEREZE - TDNN A9{EHR5(E o] DILL{E#4E DNN
FEHEAEERT » T B R & kL DNN 12 31| SRt (RS B 2 18 o

22 ¥ IE AR /& B 5 45 i  (Semi-Orthogonal Low-Rank Matrix

Factorization)

DB S BN TR — B SVD MR AT RE SR AR T E e
(Povey et al., 2018)f2 HH A A —(EFEMR A WIS 8L - FEIRERY 3 fR 2o bR 4as) I SRS a8 4
PR AR > (H R EEH T —E IV R EAS > B A A EENRE -

EEME F o T LA AT 2R SGD 1% 5818 S R PR R - TR A HY BT > RaeM
ESEUEE > EFP = MMT B2 T P SR B (i A > 2282 (Learning Rate) JtE T
EEFARPE » AU SR G EPUERE IERIAER - (HERERKRGEEEAR
FETE > MEBRT P IEACHE P I 0.125 WU B B iy 8022 B rl DUEZEISE HULH - X2
FRMEFE » FTURFIM—REHM « M+ X FFIFEZor(MXT) = 0LLUEF EA 3L
£ THAAEEH A

1
MM-— E(MMT — a’DM (1)

N EBMMT =P > f7Litr(P? — a?P) = 0f42 T?§a= —— 0 ARy P OB AT b AT LA
P? = PPT > 5 T 5151 bR (i fla = | o B 12 TDNN+NF(Networks Factorized)

r(P) °
PIBRARAE - 1536 4 el g 4 AR P 73 fif 1% S8 5l 1536*160*1536 » SMAT 2 Z M IE A PR

FURERE - R 1T FT 2 SR P R b B (Re LU) ROHIL 2R AR 4E {1 (Batch Normalization)

a e {EERRI S0 x‘?‘z%ﬁl%ﬁ@K%%ﬁ%ﬁﬁﬁﬂzgﬁiﬁ(MMT(P —a’))=0>
tr(P2
tr(P)



i IR R IR PRSI IR (B 702 39
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[Figure 1. Matrix Factorization]

2.3 ZK[E$tiE (Backstitch)

Backstitch 2{&r SGD 4 ifE¥)¢ A B M E BT AE(Wang et al., 2017) 5 (& J7 7477 B
EC B - Se A — (Bl NS 2R FERE (MR EE 5 ISPl s SR g
I DUHERAPREISE S8R . > FEEERY Minibatch {HEHEHERRE - (H45HY SGD BE—i1y
AT =

0n+1 < en —vg (xn' en) 2
O FEHHI 2 xn 25 n EECAVEA g(x_n, 6 _n)& f(x, 0 )Y 6 AVE N EL

0’n+1 < en + avg(xnr en) (3)

0n+1 < B,n - (1 + a)v.g(xn» 0’n+1) 4)

Hrp > #(3) 5y Backstitch 55— BRR [E 5 > 1f=X(4) 5y Backstitch 55 0 BR A4 5 5
o 1B R B B R R R T FA BT DA EE 2 44 Minibatch f{— S fE L HT
R R GEm S LI A BRI E & a =1 fi1 n=4 -

3. BRIz REREI 4k 5% (METHODS)

3.1 ERERMER R R 4 HE 2R (Structure)
TDNN (7 1,536 4 » 111 EFGE B4R 160 4¢ B ReLU Al Batch
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Normalization &2 2{HE fy TDONNF Jig - g 8T EELLATEY TDNN S (9 g LA #E %€ - 40
2 Fow i N RS R A R & B RS SR - LF-MMI 8y E e
#(Povey et al., 2016)%fFE dq A 5516 & #2HY Senone K8 - Cross Entropy Regularization %
TR IERV SR - SRfERY TDNNF JZ 7 FE1RH# 45 (Skip Connections) -

Cross entropy

LF-MMI criteria L
regularization

o
—
[

B 2. BEHEA IR TONN Z Bl a5 501
[Figure 2. TDNN artitecture]

3.2 LF-MMI

ATAEAR - 75 i AT R 8 1 =0 (Discriminant. Model) B S fHAS A 8 RE S0 A R T 2 4850
AE © FIISRBRMG 2 AT B A FTA Haal PG - B s XOaI o — (@AY » flasE S A
AR —E AR o 5 B A IR REAS RIS A e S SE Y A PR AR > SR =0 R A B
B S E IR 2R R EHDEE R R -

MMI ( Maximum Mutual Information ) 2RIl /2 2 K TERERS IS A EA PRSI AR 2 -
55— LF-MMI Z s (R & gl it i LH s B T A T RE Y 71 ARIR IS LL P H 15T R MMI
HIBEE 2RISR - PRy LF-MMI (RS S at BLAT A RIS AV 1% Bt =2 (Posterior Probability)
Fit AR PSS A il 4 sE ) > 26l - FS TDNN FEARERBEAY S LimE R oA » 1 HER B &
RIS A DA AT LBk —Eefg 1y 55 - LFMMI Y B E53% 2 (7 (Povey et al., 2016)Z[%
{ERIE A4 3-state (Y HMM $RIE £y 2-state 1Y HMM - Uiy e (1 885 1) =03 | S H7.(E5 58
CTC kA 22 (1 f25; (Graves, Fernandez, Gomez & Schmidhuber, 2006) » 7E/b&:ERI T
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WEEFIRAFAVRER - AR NS 2R H A RASETT -

3.3 HEFIERRHAFIZREEEFISK (Combine Training)

WM E TR G280 5 A I B SRR > £ Natural Gradient (NG) (Povey,
Zhang & Khudanpur, 2014) | & fifi 8 » i SGD & #ii% 35 T AT backstitch 55— Ex1%
M IEAC PR R ¥ - 55 20 BRAE R IR A MIMOE - 2B BRI AT 20 BRI SO E A PR & -

3.4 Dropout

fEtdesEE o AR G RIRE RS S » TEE(EHLIGI SR T2 0E — L
T lEs - £ TDNN d2REESHE[E]HY - (Povey et al., 2018) 2 —{HIYZE —EFIEE - 1M
M EHESEAIG 5 A [1-2 a, 142 a ] » WPIEH —(EEZFEEER - 1£III—FBR0E
a=0.2 > FISEN—FITH5] 0.5 - ff& N FEE] 0 S {EHEeE £ L AT B#HY TDNN FEil
RIGERR (BRI S 2R A BRI E -

3.5 #ERH4LE (Skip Connections)

FRIEZFZ A VGG (Simonyan & Zisserman, 2014)11y &g - &&Ek E 38 i jeg 85 =] LU it
HEEFE - (EUE S I R HYEERE - ResNet (He, Zhang, Ren & Sun, 2016){EH_FHETTEXAE
RS CIGOFERE > AT DA ISR S AR T SRR > BAFIE TDNNF # i ERA {0
AR > a0 i A ERTRI— @M =57 ~ —RIFT— @M hnE s ey A -

4. BB (EXPERIMENTS)

4.1 BEwE (Experiment Setups)

1. ORI B
[Table 1. MATBN]

FRSE(INE) Gl
ks s 114.7 38,556
A 3.7 2,001
M EE— 36 1,957
HEET 1.4 307

Aam L E BB R A 5 A8 B (Wang, Chen, Kuo & Cheng, 2005) (Mandarin Across
Taiwan-Broadcast News, MATBN) o /N8 57 i sERHE 2001 4E & 2003 4ERS Hy rrf e &g sh AT
CIRE/NHEL AR G A FRR B > S5 197 (BN - B E AR ES: - & 1 HEE
FIR B BRHIREEHR A A8 G & RS I B NS il » 5L o P S50 Bl R e 0850
SNSRI ERE LA ERER - B REESHEAEER S-gram sEEEA HIIGEERIKE
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2001 £F % 2002 £Ef gigEf 11 (Central News Agency, CNA)AYSC 5 BIERL > N & — (87
T E T KRR /T B 58 (AN a5 BL4Y s —T56) - A SUZ A
SRI Language Modeling Toolkit(SRILM) (Stolcke, 2002) #KF)|4RzE=ERT o ZESERIATE]
PREEHH 2001 2 2002 4Ff3 e Bkt A & 288 L AR Y < I EE — B8 70558 5 1F 2003/01/28 »
2003/01/29 » 2003/02/11 - 2003/03/07 1 2003/04/03 - JHIENEE — B H g T Rensc &kl
T T & AR 2R - ST - BEHIE R AERRAYRE S M L E Kaldi
(Povey et al., 2011) E5lll& » & SulEab st F3Il4k 536 5 i 14 (Speaker-adaptive) 5
HrRAIRE S AT AR (GMM-HMM) - I F1] FH 32 15 B A IS P 3| SR8 1) Y 5] [ 2R 4B f 1%
SRR B AE S AR 3 4R o ZATR ] TDNN-LF-MMI 2 RIS 60 H — S S 4
Hor s R ERAYE S R A NG 1 Backstich » 78 {&(Povey et al., 2016) i 4l i) 757221 Al
AR - AL 5,600 {E(REER BT SRR S FHVE—EEA —EREEHT HMM $h
B> DUFHRIEERARM =70 2 —H#20F - A IS IEEhy & HE 7 - RrEfE A 40 4:69 MFCC
1 3 4ERYEE IR 0N 100 4R i-vectors {5 -

4.2 EEp4EER (Experiment Results)

% 2 bl 7 EARHY TDNN FEA 3426y Attention #%E (Povey, Hadian, Ghahremani, Li &
Khudanpur, 2018)H & TDNN #1 3 & LSTM g%k > #E &5 o] LAE H A B (CE) & ik
> LE-MMI S| 8REES > Fr DA 2 % GRS B (5 A LF-MMI 5|8 - FLRE TDNN #8175 9
JgFEsEE - B {EFEEEE 625 4t > Fi1RSCE B % 15 5 - TDNN+NF fEEI{H ] 1536 4
RSk » BRI AEHRSH 160 4 - A& S0 &I 33 i - TDNN+NF 1[5 e 4E 5 &R
R SFHET (Waibel et al., 1989) » [AEAHY TDNN 24 = fEE (L -

72 BREEEERES

[Table 2. Baseline experiment results]

WER CER Parameters RTF
Attention(LF-MMI) 26.76 18.96 50M 1.66
TDNN(LF-MMI) 26.22 18.34 15M 0.42
TDNN(CE) 27.84 19.17 15M 0.47

MO B ERAE SN 3 Sy BIE % T TDNN A1 TDNN+NF K2 £ H il ackstitch (19
B > oRRVERESE RS T % IEREHE HE T HERRFERES - £
[E &S TDNN+NF Lz E s 15 @RI - 3% 4 0] BAE R E IS 1% 5
IR T SE R R A B O -
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7 3. AR IFEHHAE TR

[Table 3. Experiment results

for test sets]

43

WER CER Parameters RTF

TDNN-+Backstitch(9 &) 25.14 17.45 15M 0.42

TDNN+NF(15 J&) 23.98 16.27 18M 0.47

TDNN+NF+Backstitch(10 f&) 23.30 15.64 13M 0.37

TDNN+NF+Backstitch(15 &) 22.56 15.15 18M 0.47

TDNN+NF+Backstitch(20 f&) 22.75 15.26 23M 0.58
R4 POEIRZ R R — R R BB R

[Table 4. Experiment results

for other test sets]

HEE— (CER) #fEdE (CER)
TDNN 5.05 33.39
TDNN-+Backstitch 4.88 33.15
TDNN+NF 3.69 23.56
TDNN+NF+Backstitch 3.67 22.73

RTF(Real Time Factor)/&—{il# FHHY L& B Bnf 2 Wl A SR A E - W5E
BB RE R a (UF S5t RR AL E I H b - Al RTF &y bla - [# 3 2 A FIFAA IS HRED
®e > ATLVE A LSTM ST R IR - M H MR S8 7 S Mg i -

RTF
TDNN+NF20E
TDNN+NF15% [
TDNN+NFL0% [
TDNNOE
TDNNOE+LSTM3E I —
0O 02 04 06 08 1 12 14 16 18

3. TR RRILE

[Figure 3. Decoding speed comparison]
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BT NSRS R AR AR Backstitth BRHAAZE » [HRLIEEF
FISEERTR HATHES « A OB S R R B T TR T » 7RI (R 160 /43t
SR E R TDNN - B Backstitch 770k » 18] 4 PHE4L RIS - B4 bRt o -
BE 0 0 =1 HRAT 0 o =0.3 TS WA S UAEIEEERER - 7TA 5 — S8
o OE AL T YA -

0.0

B 3

log-probability
&
N

1
=
[

-0.4

=0.5

L L L L
o 100 200 300 400 500 600
Iteration

B 4. /& Backstitch 27 &E #5662 87

[Figure 4. Different Backstitch steps comparison]
5. 453 (CONCLUSION AND FUTURE WORK)

ARG SR ERARR o Y AR A A B 2 B I AR B B E B S TS R
& o HFEM T8 EMBOE - G NI R SR R R R 05 1R E
Bl SR SRR T RE R R IR AR A B I 465 & P IR A PRI B HARTRIN SRAS SR e
ARG 7383 R ERCABIZAVIED » Gl GRHF FE RO AR A 2 A EE R A A
7= RRFHZEERFTA RS S ITAE B BB PRRavRIE - I H el sy
T BRI 7 (B RE
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