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(Mandarin Meeting Recording Corpus, MMRC)ZTT T — 251 E s - FHEfEIR
HWNERERALL - FisERE R TR EN A2 A RE -

BRSEEE : ZEHEE > REEE - B o i e

Abstract

This paper sets out to explore the use of multi-task learning (MTL) techniques for
more accurate estimation of the parameters involved in neural network based
acoustic models, so as to improve the accuracy of meeting speech recognition. Our
main contributions are two-fold. First, we conduct an empirical study to leverage
various auxiliary tasks to enhance the performance of multi-task learning on
meeting speech recognition. Furthermore, we also study the synergy effect of
combing multi-task learning with disparate acoustic models, such as deep neural
network (DNN) and convolutional neural network (CNN) based acoustic models,
with the expectation to increase the generalization ability of acoustic modeling.
Second, since the way to modulate the contribution (weights) of different auxiliary
tasks during acoustic model training is far from optimal and actually a matter of
heuristic judgment, we thus propose a simple model adaptation method to alleviate
such a problem. A series of experiments have been carried out on the Mandarin
meeting recording (MMRC) corpora, which seem to reveal the effectiveness of our

proposed methods in relation to several existing baselines.

Keywords: Multi-Task Learning, Deep Learning, Neural Network, Meeting
Speech Recognition.

1. &m

CIEE s A B 2 Rl 5 2R # @ 720 AT DITHI E 2 A B T2 B e
MIREZENGHE T - AANHFEK > BEEEE PRI EE) /358 - I HOES T
ERAIRCY) « TEWFEVIIA - s Hiaskas H AE (R LAV ER SR th 3 ! — (I BB Eal 4 - 1980
FEA LS RE SR -FE 5 =0UE v e fE R (Gaussian Mixture Model-Hidden Markov Model,
GMM-HMM) it £y B B2 455 U (515 55 2 Wh 38 A BE ) (T KA 2GR F ik - IR
GMM-HMM Y214 55 17~ 3l SR RS TR AE T TR ER RS » IR R 2T — 42K GMM-HMM 2 5 8
FEE W Y RS A BRI I 2T T AR R DS AR A S R B S
FEN B GMM-HMM - B a5 1 2R BB B2 (State Tying) (Young & Woodland, 1993)
#2 51| = 3| 4% (Discriminative Training) (Povey, 2004)E5 £ A AH DL 48 14 8 & (Maximum
Likelihood Linear Transformation, MLLT) (Gales, 1998) - £ GMM-HMM f& 7] 3 iz

HIBFHAA - WP MR R T R ERVEEER L » AAMANSH —E)77A T LUE
GMM-HMM Jifi /& i B A A e R BE AU -t < B A TR NIRRT AL T R 2 2
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FATEEGE - 35S KBS 2 EEBMNE R e S 4 s 1 H S e e AU
T GMM R &7 A A % - R =X 1T S5 (Hybrid Deep Neural Networks-Hidden
Markov Model, DNN-HMM) . 5k £y K 20 80 H BB B Wk S S VLS5 - DNN Y EE ]
BRI LU ANTER R © V)R E 4 RoE R 2)i8 e R E P R # #5 (General Purpose
Graphical Processing Units, GPGPU){YZEfE 5 3)E T/ N1y Ll 53 S5 55 3| S S k) & T 261y
REECER  HITEERE RS FIE st 5 SIEAEE S| TIFREEA R 2t (e 2 W
AT R oK -
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[Figure 1. lllustration of the Enhanced Speech Recognition System]

BEZR B Beh W i AU — THRGE R - (BT IREM AR 2 MR
TR o BUAN{E A B TR R E A TR R - e B S IR
%ot BSTEE PRI EEE SRR - BB ZIRAVERS - WRERY RS
B MRS RGBSR S PKE(Yu & Deng, 2014) « & sl & Pk (£ T
EHCORER 5y HI PR S SRR - T — (A DRI SE o W RS o ANEm SORF R RE A Ry 31| o B
BB AULE ¢ B 7B FIERAE > s T ZESHER - s Z - b
AR S REE T R —RERETT » Ryre IRIERTRE - B e SotbE SR BI LA 2K
ISR ZALBEEE G ZHRRARIR - X Bl RERNNRE SRS RAJ5
% AR SOE BT SRS RS S HVROR o fik o PR T BRI A DURER
R I RS E T ARG o FrA SRR —E S EATUER Y EkaE e -
WEZ R ORI HOOR FIRE A - B 1 FoR Ry i S Bhasl AR B A SR S8 s ORI 73 (A

'EHREE T NS | FOR o REESIHAER R T PESC A RSN -t B AR A 1RE
Bhsd ~ CIGRAE ~ CINZELEE A o B e Sy S o) th o] g tH 3RAE 5B o
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FEAREEED)
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[Table 1. Meeting transcription examples extracted from MMRC]
EEGIE AN
U0006-002932 | 4 scenario HJEE target audience WISEZIERE A TIHEEIEX
BV ETEEAM aggregate | —EHIREM FHHHEE A
U0000-001623 | WE=5 EAERAAERBEAVRE LIl 28 o sk s EEb Ay RE LA Al
U0000-001624 | FISE Sy R el B0 A1 e 2 B A SR M A AT R
U0002-000118 | WE cover FZAT& sgFiE(E T EXEKAVE(E megatrend B

U0002-000122 | ¥iiE knowledge formulation UE diversification #HB{# is great

e AR EREZHRT 58 /NIRRT IE‘T’EfﬂZ‘“ZEIE%E’J?l‘EE%j{J%H%ZT FH=/N\EA

BT E Y3 fr U LR P M AR RS Y B (75 E/J\Eﬁﬁiﬁ?kﬁh.ﬂﬂﬁé
%ﬂ &E 0 BIUNNRIBEIT B B e s SRR E N ERGER - RIEES /N NETHETTEE
s PR AR A I BERIRITFE 5 ) -

2. JRfHEE S 2 AR SRR PR

et RS2 E s iﬁ?%@é@ﬂ%gﬂiﬁiﬁﬂu?ﬁiﬁﬂﬁ 1943 FEHJHEE R McCulloch » 135
5T —EEEIAF RS TEEIE  ZFRAR T ARSI R PIRY SLEE - B
1£ 1957 4 > Rosenblatt 25 —{ERF A AL S ETHVES » 2 TR &8
(Perceptron)f&7 - 1975 4F > Werbos £ H {7 {8 255 5% (Backpropagation Algorithm) (Werbos,
1974 Z A A PE S T HY 72X« 447°1E 1988 4 » Rumelhart 58 A\ #5871 2% i Rl
Z%(Multilayer Perceptron, MLP) (Rumelhart, Hinton & Ronald, 1988) » [R5 2% & Bl A1 25 3 F
AEEZ TR - (EAS A GRS R IT 08 S B R -

TEEEE PRSI » 7€ 1992 4R - WEREEEA 3 20 R B i AC A s B o i =S P SR
HI%E S (Hidden Markov Model, HMM)AJBFZE - B 404E 1998 4> Cook Z£ A (Cook et al., 1999)
(o FH B HE R A EER) » 21140 22 (8 38 1 14X 48 1% (Recurrent Neural Network, RNN)EiL MLP
R B 1 3% 38 ROVER (Recognition Output Voting Error Reduction, ROVER) (Fiscus,
1997 J7 A4 B ia LU RU A FEaR &G 5L - 2000 4RI - E2E 45 BT aC 4 ps 2 & Eny
YL T A > 5140 Bottleneck £33, Tandem 452 (Hermansky, Ellis & Sharma, 2000) -

S AR T IR T BRI R 2 - LR S (T LR @ﬁ
THEAWTFE)2 A B 2En - HF| 2006 FFFLG - S5 MR ShsE BUEAARE Rt T —

FI 04 #E(Hinton, Osindero & Teh, 2006; Poultney, Chopra & Cun, 2006, Bengio, Lamblin
Popovici & Larochelle, 2007) » [fi{% 244FHY GPGPU #H B ¥ (fi S il » (188 /@l
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ARSI G R R R URTE R - B2 B TR E R ALLWTE - BLS FmAvE AR
ST R A e B e i AU s iR & F52Y (Hinton et al., 2012) » B T 2 4L 4 s
24N BEMUESS | AJEHE AR EEE > #1401 CNN (Abdel-Hamid et al., 2014)E2 RNN
(Graves, Mohamed & Hinton, 2013) & L3 gH A2 fig (5 AU A F 5B & Wk SHis A B Ak
Tfi(Sercu, Puhrsch, Kingsbury & LeCun, 2016) °

3. BHEBEEHF

21555 (Caruana, 1997)5E & & 273 (Learning To Learn) (Thrun & Pratt, 1988) 2 —f&
PRESEE AR - B B WA RS IR E 2 E BE MR AR (£ - DR T RN —
ReALEES) © AL EE REE T RIBAG R R —IAETIRIT - A2 i S AR Y
FETE T 2 A2 01T oy Bl — AL RE T 5 IR (Generalization Bound) A2 H T —Z51H
R AL E B st Bl am - A —20 151 - A w8 1H BR W B (£ 5 P 22 A2 1Y 2 Ui e 22 1
(Parameter Hypothesis Space){F Fs 5L » BESUHR (L B P AV W46 2 Bliras 22 fii4a 5 e R
RS « FK » AFBEENIHERAIRER B 8t 2B % 2 RIRYRA % » Zhang A
HRFERE (5 2 [ BEMA 17 R oK i T pR 85 (Convex Function)y###2(Zhang & Yeung, 2014) ;
s B 4 M (o] B (R 5 1Y 2 B 2L A AH R B9 2B P B8 o0 B AT A% (M atrix-Variate Normal
Distribution Prior) » 3lf7 FH 3588 B8 AR fa i ST HSELE 75 2 T Rl 4 - Y3 SRS R 222
40 {a] & 1F 51 {F 75 88 {% (Positive Task Correlation) B2 & {51 {+ %5 [¢8 {% (Negative Task
Correlation) HYMHREMETIHE] - 12K Zhang 5 A\ FREA T 2L FF#UE R (Multi-Task
Feature Selection) EEfH 14223 (Relationship Learning)¥f = 4t & A A B RIETTERIE - 18
BAMHIEEH » B R 2 R b AERR - e — R E Wy HR N FRR
Hill > BLEESE R AR IR - HERERT ST I AEELE R ERER
(Unseen Data)lF T 5EA R SEHYAREAY

3.1 BEWHRTNZEBREY

AT E 45 & 2R AL A P Y 2815 (Multi-Task Deep Neural Network, MTL-DNN)4[I
2 Fi7R o B PR P AR 2 I T S i Rl & 5B SIS S RS R T - B
40 Parveen 2 A (Parveen & Green, 2003)£€5 T 11 fHA [E 0953 LS BLRE B @& (T Y &2
2 FINEEEEREESEE - ERGEREIRAETBESR T » 2 EHISEN BRI
& o Chen ¢ A (Chen & Mak, 20152 & # L EHKE2HWRME > HHEEHREE
(Resource-Rich)AYEE = RES/E AL SRV EFE - BB & JHE = (Resource-Poor)iE = » 12
THERIHBRR © Seltzer % AFIAST(Seltzer & Droppo, 2013)AIZHES T LLH AT S HER &
FAEEC ~ HTE EIRREREEC (State Contexts) AT B 2NV EAZEC  (Phone Contexts) i
Ry B ENAE S5/ SR BRI R HORRTE HH AR 2458 & ZEERH(TIMIT) (Garofolo, Lamel,
Fisher, Fiscus & Pallett, 1993)1J5E & Hak (L7 th A B H#E2D - 281 > Seltzer 5 AAYHE
{5 BE 71 B 4H#E 25 (Monophone) » 7474 [ B 2l = 8% 2 (Triphone) V& ] - H)@ ARSI
{5 =8 2R s B U B 2 2R R S R Bl B (R B B 18 TE R A am SUEBR
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FEE P —IERE - 5540 - BEMERG L EESEERDESTE—E - HEFI%—(EE
SE = YRR EL 5 T (Ghoshal,Swietojanski & Renals, 2013; Huang, Li, Yu, Deng & Gong, 2013) >
O EEEEUEEE IR R - ZEESNEBER TR EHANIISKIEE > FrAsES Il
HER SR RELENEEE - SEESASEHENRTHE - S En AGES I
BEREEGR T B RENEEES - e s ETHEES N E - REEEmE
RER SR BORr o Wt —2K - R E st ol wi i — B — RS - BTS2 Z(E
TEERE T EEE LT - DA M (Constructive) SUH I 14 (Destructive) $5 5 R EHER1H 4E
FRhSE - IEATHEENELR T - A EREE © (DTEE S Q)—(E=EEH
REFEREN(ETS » Q)Y BB =S E -
SEEREOH B FERELHE SEENEROHLE

DD ©0--00) Be--&®)-

» I :
s YY I v

3 1 |

(00® - =
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B 2. ZEBFFE HEGERS T E IE
[Figure 2. Hlustration of the MTL-DNN system]

3.2 FHENEBERET

HEENCIEL - HEBEE WA IREEEFIRA - SOV EEE 2 SR E
FEtE B Z YRS (Carvana, 1997) - HEEA L » RemSCIERT AN E = > ERZEd) 10 fE
RN TERET » W 3 s - H—(EEEEE S T2 E » AT
By kR 38 T BIEHEREE - BIEHES RSB REEEEN - S—(En|
m] B2 B B8 & Prak ol 88 - PR FH Y 215 2 R 45 1 fif (Model Compression) (Bucilua,
Caruana & Niculescu-Mizil, 2006; Hinton, Vinyals & Dean, 2015) » {i£ 25148 5 ¢ A 5 @i
T ep SRR AT | S A AR RS B R B SRS - 12 D SRR SR Al 4B FRAMISE FH VS B A 75
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BTN T

ESTEHEEERS 2LP
EEEENETRRG IRP
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[Figure 3. Auxiliry tasks used in this paper]

3.2.1 HIEHIERREATL ¢

HHE B MEIRREARRC T AT B A& A A AT — (& 21% — (&2 HERY HMM IREEFEEC HUREhBh
B - HF AR s i SRR A SR OT 2 - S DA H AT S ERY HMM SRRE
R R HAR > IEER EAEFHYHI o B R A AT S ERGIRRE &R - BB EB A
WEE peHte (U AL FI SR Ay AR th RE S I S EEBRSNEEH, - DATHMIASAT S HE or1 ARAEAE
e Pl BEREHATEER R o, T —(EEF R GIRRREEC RN Fysean > RIGEFER
REPEECZ IR By -

FrRight-state = ¢ In Prs(Se41]0¢) (1)

3.2.2 HTEHESTRIEL ¢

BB VAR ETHE 2R Triphone BRI - “REIHYH T LA LA ZE 4 Triphone
FHEEYFT {5 FHHY Decision Tree State Tying £{i7(Young & Woodland, 1993)&fHEERT —03%
7~ 0 HEL DNN QYRS IR o MRl A AR E e eI Sry EiE - fRftiin g &
A& - EREREEE 0 BRI R o PR T EERE ARG -
o — 2 IE A R (SIS BN o AT E RIS ERT S & 2 A0 - BEEif t BV EERTH
JERE BT RR fq, » HESESE SRR 2R R R, » R EEHY B AR #m]
DAy

Fcurrent—Phone = Zt In Pcp(q¢|o,) (2)
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3.2.3 HEEE KEEEEN ¢

REZAIFI ISR - AEES 2 Mgz A LA EE - BHEGR - #7280+
BHEE EEES AEN > EHES 2 ENEE - RIS R B M E
—REE EIWER > EIRESR T KW SRS RS o K 0 B A RS
B AP R 28 S KBS EE S B NIV EIR kA iok 28 HF B ER ARE
SETRH RS - B m 5L S 56 S 07 (Language-Independent) (Y& 5 1TTHL = /@ YR
ik 2 B2 H w5 % 3E = A B (Language-Dependent) [/ %1 3% (Schultz & Waibel, 2001)
Swietojanski % A$2 i LAFEEZE Z((Unsupervised)iy J57% » DLERESHVER HIZE S HVH
AL GRS AL AT TR 4G (L (Swietojanski, Ghoshal & Renals, 2012) « 258 = 314k &RH I T
G —{E2%3ESHY DNN RIS - SRS 2GR » (EFIISR et S 1 g I = Efg
S e 0 WL EEES =4 B51Y DNN BRIER PSS - HEIEIT - A%
WrgeseEf - BREERAVEVEETRR - MERMOVEST - BN gRER e A i
IRV - M E S A A B R [ERE S IVRER—Ea) SR - IR H—f%
{BAE

3.2.4 HEEES YR -

s o SRR ERER - &R BAK T st E—4HHE
ISR 2 R E RS > 3 H S B MIRYTRAIGE SR « (B2 A0 251 SR 25 (B B 2 A ORI 45
G MG RA T BT R R - CH R E a8 et R0 i AR AR A
KAEREIT > PTREER AR SR ARG o (NIE » Bucilua 5 AAYWFFEEUR - HEAIERIE 5 L8
LAl BRI R EEEY 22 T BEAY(Bucilua et al., 2006)

—AARER - FRAFTED & B0 R R SRy B AR e B R 25 P RE S S S F EH AV E R B AR
AW - BRI E AR B Sa T I R | SR E R E A B PR RRE R B - 12
ERAEISR 7 2 A 2 25w RE Y 325l SR R AT &8 A U R RO AT » ST RS T 8 R
BEZ M TRERR SRR G o DA Rl - BEZR S AR E R PTRE S PRI B
HIVIRG © EELAEERRE - SR R el R IR - B LR S R SR ZE &Y
PR o (EREE AR B AR [EIEUR A i CE R L4 i fan 25 5 AP 28 R A3, - AR
SR REII A G E N - JEZ A BT TR — R LRE ST - Rt » MIESRERTA
{775 » 1EallekA 2 (Well-Trained) A5 8Y Hh 72 8 1A AV IR - 18 SRR3R SO 5 20 1k
=1 (Soft Label) (Hinton et al., 2015)- L Soft Label {{C{&%5IE 1 K 0 For)%E(Hard Label) »
i By | SRR A AEERE - IS AR AR B B R [F R i1 2 I HE R & sl Rl A SR 2872
oo e A Tl SR SE VIR - RIIFIERAYZE 8 nl 2 w8 Il =i g Softmax pRELAYIR S
T ZE4: Soft Label » [a/ll ST AVIE AN » & Soft Label {8 Sl B £ 75 A1 754K - Softmax
o E2RE T 2 =R -

. _exp@/T)
b Xjexp(zj/T) )
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BEEORE T BT {015 e B H (H P42 (Smooth) » fE41 » Soft Label 13[4 #EE
T RAERRERSRE D - ECE S e B IR BEOE HAR - B H TS ER R o, -
H A AR HIRREAREC TR Fys, > Al Soft Label Z HERREIFR R Ky

Fsoft—Label = 2t IN Psore(s¢|04) 4

4. ERIEREAEA

SR B N IR ATt — B R BN AT
BRENERS S (T A » SO (R O - YRR @A THI -
B T RIS A BV FI SR E AT L S (Huang et al., 2013) $H T EHTAEE -
BRI B © (AR - UH S B 5 & L S T R T A3
SEEZORY - PRIBLIRITAT LU MTL-DNN 3148300 1934 S8 (Shared Hidden Layers,
SHL) » £ — (B A0 AT RATES BRI - DULHSAH A u 3 0 (T S i
GRS e - EREEEGTR S | Bk U
FERRHT T2 SR R SR - (IS8 5 1% - (R JE SHLs {57 - 75 SHLs
SRR Softmax [ + (3 FR T (ERS AT S BT AT SR - SR EI S
(EBS L A i 221 06 (Supervised Pre-Training) » h5) (L5 12 821140k 453 M7
(Regularizer)f f - JHST 2 ir 17 2 B2 T AR A 6 954400 3B Fime Tuning)
75 S B R R IME - BB T R IR A ERTE S - FERA LT &
SEAHIHRR -

5 HEg

5.1 EERIRIRAMN

A S B R RYERRHE R B A F A B S Ay o S &R R E (MMRC) - Horf g T
&7 43.18 /NIFHYE SR - SERE S CA S B o T S B - 2 BN B A 23 {1
SEE o A 40,022 4] o AEERE G HEEERHE 7 Rl SR - SR AR BUIEE 1R 2 R -
HAISREEA 36.02 /NI 0 35,769 ) 5 S FRELA 3.52 /NI 5 3,269 4] 5 HIELEEA 3.64 /1
% » 984 4] -

2. PG HENYE
[Table 2. Statistics of the Mandarin Meeting Recording Corpus]

MMRC (RS R E HIEEE 4ast
NS 4 36.02 3.52 3.64 36.02
SEA]E(A]) 35,769 3,269 984 35,769

ORI T - P AR N A 2 B BRVEEE T A A SR T
WAL — R A S B R G AR » PIAE SRty - 0 G 3R th SO
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e SRSGEN T RE A E R IZAVER S - MBS RGNE(L  SEENE &
FIREEEAEZE S FR B TIF AT RE 2 BSOS LH BN AT IR R TR HEREAE 0 B
*E T REETETEE N EE I BN E G AT RE AL A EIRYHES » 8RS an'E - FRrE AV ZR 5
JEEBFTREAR[E] » FlAA e Eag = AR R v E - A AR A R e, - f1E
e A NS HEEFEE - NILg@aE T 20 AP EAEER -

Kim X EBEHERNMEL R EEZRERENN —ERE R EEET T
a3 e T 2 IS Kaldi (Povey etal., 2011) » BLK Python #2 8= _EAVR B SHE (L4
WEHEERESEE Y GPGPU HERLEGHIBEIRIE - b - Z5EE KIEES &N
FHEB - TSRS 2EAAEERENR 3 &3R4 FR « SAVRER B E &
FERIEERHE (TIMIT) » HAglISREH 3.14 /N > 3,696 4] 5 22fEEH 0.34 /N > 400 4] -
B By R S S R 9 i Bl EE (Mandarin Chinese Broadcast News Corpus, MATBN)
(Wang, Chen, Kuo & Cheng, 2005) > Fl|S&EH 25.60 /NI » 34,672 4] 5 S¢BEEH 1.3 /NIF »
292 4] - EERFTERAAVEE S AL B DL MMRC =B A% N-7#55 (N-gram)3E S 158 - 55
N ER 33,8145 - HRITH @ sBRESA RN EER - FCE RV AER
JHRRE > Fra e R E Ry 247 {# -

Z 3. TIMIT ZRlE
[Table 3. Statistics of the TIMIT corpus]

TIMIT Bl SRR DR fmt
/NEFE 3.14 0.34 (GE(ER) 3.48
ST HU(H]) 3,696 400 (GE(ER) 4,096

Z4. MATBN zZ5LE
[Table 4. Statistics of the MATBN corpus]

MATBN FlECESS HEE HIEEE 4t
/NI 8 25.60 1.36 (GRER) 26.96

QL (@) 34,672 292 CR{ER) 34,964

5.2 EHEEER

AN E AR BV EE R Bl R A B YA SRR oh S0 S s R o B SRR A
s Pl YR EAE R S TR S 15 (Gaussian Mixture Model, GMM)S € e 1AL 4
ESIEAY - GMM { FHRVEE SR E0E =18 > S &M EUERER B(MFCC) ~ RIS A
R ARACAR LR SR PR (LDA+MLLT) ER LR M3 Al o3 A0 B R A B AR (DU G 1k R B
HHHEHGR(LDA+MLLT+SAT) - B AR B (i A EIRRE IEARA A - B THRORTT M »
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HEBLASRAVEIERRAT © tri2 RoR(E MR EIFRRERHE(MECC) ~ trid R Ry 4R M A1
3 i E i R B AR LR SR A (LDA+MLLT)HYRF 2 - & P88 1] o A i e RA B AR AL
SRR B EE 2 5 i (LDA+MLLT+SAT) AR Fy trid

EERNERT » WREH A EREEEREE L EEE - titEEaEiE - A
B EERIATEISE - EZ S AN SERYEC « (EE B Rt T DUBES F MV A% - 78 GMM
HIEBEE BR T » R B AR EBUR SR 88 A1) o AP I s KA AR L P 4 P A B = 3 i
(trid) » FrLABE T AR DA AR 4ais fy LAV E R - ER2 DL trid FeEa)l4k GMM DLz A B ia
S ) SR BRIV RE ST o &S A R 1Y 55 5 R U2 M RO 25 4H 7 18U (Mel-Frequency
Filterbanks, FBANK) 40 4/l | 3 4RV IR E(Pitch) 3£ 43 4 - AT H EHYA/NGE By
11 (& S HEH B TS ER TR 2 5 S HE) - Il 43 4B S R EHUHE Y — P& 2= 8 (58(Delta
Coefficient)f1 —[& 7 & {48 (Acceleration Coefficient) » By AFF RN 4ETS By 1419 4k - DNN
EERSOEE 6 ElEiE)E 2048 {EHEETT > FEek S L e EL(Activation Function)
{1 Sigmoid - CNN & g i H AYE% E B0 & R FHAY CNN » 2L DU FE TG g
(Convolution Layer)-f/{ljg(Pooling Layer)-f&#% -4 M B SRS 2 EHIIEFHEY - 65—
BRI Z (Filter) K/NFy 8 4 > 3t 128 {ld - 55 " R fEREfg Bz A/ N Ry 4 4
3256 ([ - JALEBR A R EIAEMax Pooling) i EH » MLEHIA/NE 3 4 - i LD {X
(Pooling Step)fy 3 = Fy T S FEATRMHEN (£ 75 B B s B ARV SR - Bk 4 e vy e EE A
B THA SR -

R EORIZAT  Fof e i e SR EE A aE 5 R0 | 4R B A XY GMM 2
SR o MRS R A - IS = A GMM R EREAY o FLph =i R
FHZR EIHYRHE(EIAD tri2 ~ tri3 Kz trid) s BilFI Sk =40 R EHY GMM « S IR AMAIH Eat =
4H GMM » 3| SR AYEE = ERHET TR 7T (Forced Alignment) » HUS- (S HES FERY
PEREL SRR ER GMM FTREAERE SN Rt e A= R) » RIS E
FHTRESE - 521% » BRMIS PR EE =40 GMM 15 HARAT 9 iafR -« B R Bl ngm )
HYERIRED) - PUR/MEAZ 3 (Minimum Cross-Entropy, MCE)fY H 0% » B sl 48
—4H DNN » FUFEAHT GMM 2R A BRI S HEATE E HMM JREEAIHEES - 3|4k DNN £
MTL-DNN HBFFe ({58 B /NL R BB 1% RS S T [ 7£(Mini-Batch Stochastic Gradient Descent) »
&2 mini-batch flE 256 ZEFISREERIRT i A4 A RS » (58 (Fine-Tuning) {5 FH ] {H 242
HEDEEITHERS S BIVEEE - FEERAEIRR 5 PR o AT DASE A B AU P Bl s A R AL
HRE 1% FIHERAZE GMM Y 51.88%[F(KE] 38.30% - {1 FH FEFs i &S 4R 25 S S hn 23 -
HETE 51.88%[F{EKE] 38.16% -
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2 5. FIEERFHERERSIRAT I MMRC #9785 504 %)
[Table 5. Recognition Results achieved by various systems (in Character
Error Rate(%))]

RS R S
GMM_tri4 MFCC 51.88
DNN6™ FBANK 38.30
CNN-DNN2* FBANK 38.16
CNN-DNN4 FBANK 35.60
LSTM FBANK 36.48

R[5 P TH R A A R

53 ZEBREZERGER
EN XZE’J%EJJE?%_JJ%W 2 KE > —HEEEEEREEN > IR EREES R 3
- FEREE RS OR@) - HEHEREEL(RORI®) #EES KIEE
FEAMIEQ) - %-*EEUXEEiﬂEuﬁ¥i¥ﬁl§lﬁE(Tﬁ5)ﬁQ) EEE & PRk o s A s 2 T
o 2 BAFIFTER A YRR AR AT - ISR e pRAYSR (EIE AL s EE 2L Soft Label »
PEBL RGBT TAIIOR - B2 T ART TR A S B B T BB (RIS AVERE -
DEEHET ARG | SEHESTREC R 4 1 gl — (SR RS 2 FEHTE
BRI - HArSER BN S 2 - T (AR ERCEE) < SHERTERY & R EaC BlFE
HRF FEUHI AT —(ElF R R (222
2)EHEH FEARRRARET © MU BLATIHEEN IR - FEE SRRSO AT o By 3 1+ i —
{EF eI RE(fE i) < FHE S ERTIRREAERE ~ H AT H IS ERIRRRE L T~ — (Sl IR (G E)
Z ETELERGIRREIRED - [EfEEAVE - HATSES ARSI O R H S A ]
AR ATAII R 2 e iR A A 7 A Y = i e AU RIRRE - BB OIS » 5 EAERS DA tril Y
ARREATEEC Ry HATAET THlISRET - SBh ERsHY H AR LA tri2 AURRERTERC Ry HATAET TR/ -
3)%unn&%unn a2 FAMIIT A A TIMIT SEHEHES MATBN SERIEE - iR SR T 5L
BN EER - SRIBEARETEANAIR 3 ek 4 Fon © JAFIRVE SR w73 Rt - —fE2EBn(E
?ﬂ/\ﬁﬁﬁ TIMIT sERHEET TSR » 55— TERE(EH TIMIT sEHEEL MATBN FEHE -
4) B BB PERREIRE © Soft Label HYE BRI MSH #IA FIHVRE » Sl SR B3l St L2
BEE G SREECRETERL A K A FREBE R O T BB -
EAEEBNESHIREE PR TR IS > BEEE R 1 o FAMTIeBRETTEM H ATHY S HE S
A —TE S R ZEEEB R SR A B > ITRIER 6 TEIET] > EEEBTENEER
tri3 FESFAVRCR - RMTENRE R trid BORAIA A tri3 BHEH - AR A RS RE & 3R
JISRAYE R trid > BLE(EFSHY rid FEECTEE AT - EECSARA IR - (At - Feffia]
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DAEE BB RHEN RIS - bR T TR B TAESAER 2 51 - B E S G AR EN
PR -

= 7 HHEEHEMEBE P G RE R RS - B RPTTDIAR S 2 HE
TECIVERBN B (QBIQ)EZE] « FHM T —(E(CEE) S HER BN B R0 PR
(37.90% ) FEOHI_E—{E (728 B HENT B ZITEC YRR (38.58%) BHE - MEAREH EREECHY
B (O@©EO)EZF] TN E—{E (78 SR BAIR RS0 AT SUR (36.79 %)
TN E—(E (£218) S HERYIRREIEECHYAUIR (39.19%) I8 - (BRI FHHI/E 8 A BIE R
TECEGIRERAE SORYIRRR NN AOTERA - iRy 38.33%6 38.83% » [RNEZ = HIN/ A
EERSCAVERBE R PG A REEE 1o EsR 45 » TR (IR B o B -

6. FIFEFAEEEMMRC Gt 78 5a %)

[Table 6. Recognition results achieved by MTL-DNNG6 with different phoneme
labels (in Character Error Rate(%))]

AL B EEESTEIER HEAEE 1
DNN6 Baseline - 38.30
MTL-DNN6 @ mono 37.76
MTL-DNN6 @ tri2 37.60
MTL-DNN6 @ tri3 36.98
MTL-DNN6 @ tri4 37.14

2 1. T IETHEIFETE MMRC 9785282 %)
[Table 7. Recognition results achieved by MTL-DNNG6 with different auxiliary
tasks (in Character Error Rate(%))]

A ER AR st PGS

DNN6 Baseline - 38.30
MTL-DNN6 @ Left 38.58
MTL-DNN6 ® Phone Right 37.90
MTL-DNN6 @ Both 38.33
MTL-DNN6 ® Left 36.79
MTL-DNN6 @D State Right 39.19
MTL-DNN6 Both 38.83
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® 8 BBl S MRS BN T OCE B R Z PSR - m] DIgEH MMRC 58
B TIMIT FER—REHES TSRV F S 3R 2 By 38.06% » W L(sH 15 A ER ST AU AT 3| SR ESF e 445
SMERIILSCE ZAVAI, - AE PO SCERH EAEE R A E ) » i MMRC ~ TIMIT Ei
MATBN —ifE3[SR IR R Al L ETHE] 38.23% - WM R RIAATRER — @ H—>
BB BB B SR E - NICEBIAHE - B2 Sl E R ()R EE
Btk UREB B E S A SR EE S I EFHIEE -

7 9 F Soft Label HyE R - FMISLRat A FHVE DR LRI - PLEEZE Soft Label
FRSERY Fy DUTRREARGC trid FTalll SR AV R (DNNG) Ry B > FE T Bgoh o] DA - R = iIR
SRELEE  ORERGE Ry S HIHEERR(35.91 %) (BHRESRE By 2(36.58%) © 1M {5 FHRTFEHEAYIR
REREEC(enn_aliISRAYIRME - IR 2 AUBEERSCR (36.20%)BFVRE S5 HYFERSR
(36.53%) - [N sl th e i B - T IR EIBE T B S e - AL SRAT 40 SR UL
TRy ER Lo (enn_ali)iky - A FE A8 Z R HE BN RES0EI RIS A #8 o 1 (s
IR RREC(trid) B - AR E B &R A A EERTRCR - & /2L Soft Label
AR BT S| SR A R B8 s R AR ALY S 5 - fR8ds o] DAES 3R - 5 W B Al R B A A
> FEERRR Ry 37.30% - HESHINEENG A K > EFRORFEEAIEAIE MY Soft Label B
AR -

8. ZFF S RIEES K MMRC #7772 (%)

[Table 8. Recognition results obtained by using multi/cross-lingual corpora (in
Character Error Rate(%))]

A At LEEIS B MG
DNN6 Baseline - 38.30
MTL-DNN6 @ +TIMIT 38.06
MTL-DNNG6 ©) +TIMIT+MATBN 38.23
MTL-CNN2-DNN2 ©) +TIMIT 38.17
MTL-CNN2-DNN2 ©) +TIMIT+MATBN 37.64
MTL-CNN2-DNN2* ©) +TIMIT+MATBN 37.31

RS EE R 0.7
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9. Soft Label Z£ MMRC #7Z42222%)

[Table 9. Recognition results obtained by integrating the soft label technique
with various DNN models (in Character Error Rate(%))]

- “r N T75 il .

oy mE B | %f;ﬁﬁg P e
DNNG6 - trid - 38.30
MTL-DNN6 ! 2 trid 0.5:1 36.58
MTL-DNNG6 5 trid 0.5:1 35.91
MTL-CNN2-DNN4 ° 5 trid 0.5:1 37.30
MTL-DNNG6 - 2 cnn_ali 0.5:1 36.20
MTL-DNN6 z 5 cnn_ali 0.5:1 36.53

" 4E Soft Label FfEi%1 2 DNNG;
* 4L Soft Label {71 2 CNN2-DNN4

% > ERTHEENERGARNER 10 Fos - EROVEBT > REREHERNZ
B 7 PSR 4 SR R i L Y 2 B PeROR IR 10 FYBHE S A 2 B A e
AT 4 2 By sl - (EEi T Al LIS 3R EHY 5 7A ¥ Soft Label HYRHATHEE
R > I LUHEET Soft Label FISRHIIARISUREARE - £ %58 S METESHER T - B
(ARG A R BRI REEE (38.23%) » (/R AEAC TR 1% > PRI+ 53 A8
(36.33%) = HEME LR HY E R T REE R A I TRANGRE - Fir i I 2R/ SReB R Y
G > 38 > TERIAAT S HE RS R AT BN AR RO A SR BT R i A R R 3%
FEHI/E 18 A S R Y W R 7 37.73% » M TG B e S S PR b
F 37.13% o TR FHERREIEEC AR 2] 37.94% - TN B HIEREIER
AYHECR AT DUED 1] 37.97% - SREE2KER - SR EAN A EREZ R TR AIES, -
] LLESE 2 TTHIRUE ©
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7 10. EFraiE A MMRC #9755 356 %
[Table 10. Recognition results achieved by the proposed method (in Character
Error Rate(%))]

R i A EBAER et PRl S

DNN6 baseline - 383
MTL-DNN6 @ Left Phone 37.76
MTL-DNN6 ® Right Phone 37.13
MTL-DNN6 ® Left State 37.94
MTL-DNN6 @ Right State 37.97
MTL-DNN6 ©) +TIMIT 37.13
MTL-DNN6 ©) +TIMIT+MATBN 36.33
MTL-DNN6 YRS 2 tridfEz 36.96
MTL-DNN6 RIS S 0 enn_aliffisd 37.14

6. GmELRKEE

B BRI S e B PRI ST B EE Ty E AT RS E TRV TR & 2
EBEE RN B A SHAH] » FELIGE G et B W 2 AR - TH9TRR R
BRT] 73 B RG © DIE AT SR - FMERIT 10 FER BB AT B R 4l i 22
AR » FA DAfE R Soft Label 5 Z55E 5 KIS EE = &M Sl BT Y HE D iR A
K o DA Soft Label fUR#HE) (£75 0] LAEASF-8H 352 221 38.30%F(KE] 35.91% - MPAZFES
P58 S BRI BN B AR S FHaR R IE 38.30% NS 38.23% - S5k » Foffibx
THEE S S MRS R A > E RS B T AR
Kddps o DABSEES 5B S VRN ETS Rl - ZAF 152 E FERR &SR8 T DAE P S5 ER
AL 38.23% M0 N EF] 37.64% 5 2) TR EWFEZE - (HE R BRI
BERIEE)EL - ZOBEH AR - HIECEMEREE IR - 255 E MSESH
E%  HEREETIRRE - PRI RERE 38.23%F(KE] 36.33% -
RATE— RS AR E A - DTG R © B2 ENHR RS B EIEEE
HHETSE A ERENENE L » SERS SR » AR MIH PRI E
AR EENERS (B A G ~ A B SR RAVREED © 2B SRR (% © B AifEsE
BT SAEHEE AT i AR BRE S 2 R LRI R 5 - BIA0R EE AR FE R SR
Bz H s B AFS R4 - 35558 LRl hmt A &g isall s b - BEFtE—
BT A 5 M EFRNEERE © HNBRAE S B2 T BHENER SR E e
dgishs g o SET ] DLEE A GRAZ 22 (Curriculum Learning) (Bengio, Louradour, Collobert
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& Weston, 2009)AYfihia - STAPEIHAS GRS A AR LRI aa T A R EE LAY ERS © DR
G BRI A B SR A A A A B O B RAGIEC IR 4R (Long Short-Term
Memory) (Li, Mohamed, Zweig & Gong, 2016){£x5 ¥ ik - AU 7 A EEAIRA > Feffith
i & 35 F B L R A ER R AR U AR IEMESS © S)fRi% » I R S B e 3R B
SR rp SR BRSSO DUAARE - BN Tsizey $EBERRy T 772 4 2C bottleneck
ek THEAME . o WS L SEE A TP RALE > MR AR T RE A EEE
AYRERES IR > R SRR RS R A - R E S SRS T PR I &
BIRFEK - Kb —IHE A R - MEZ IS IR TR S B TR - AIRAES IS RH
Al AR IE TR - DUR CEA LR o8 aa R RE A Al Rt P o R i A A th . — (1S BT 5
TR -

B

A X 2 W SE R SE S - B 0T 2 S Al R B2 A (e THR K B 5125 (104-2911-1-003-301) £
T OE B RF R E OB 9% i & (MOST  104-2221-E-003-018-MY3  fI  MOST
105-2221-E-003-018-MY3) 7 &8 & <7 45 » 3% HEB0H o
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