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1 A2 8 B =0 )1 F (Discriminative  training) iy B fZ i #5 Lattice-free Maximum
Mutual Information (LF-MMI){E B &5 3 JE 3% (Automatic speech recognition,
ASR) FHUS T E KAYZEH; - B LF-MMI £ 5B S BB Nl R a5 -
PAIMAE P EE H G E T HR 1584 (Seed model) i R K 5B A PR 28R A
£ o HH7 LE-MMI B 8 51 =0k 2 i 52 B IEREEL S Is2 2 - Kin
SO o e Ly B AN R o H— o 5[ A B R4/ (Negative conditional
entropy, NCE) f# 5 81 55 [& (Lattice) » Fi % 72 i /AL 58 & B 1 8 5% 14 1
(Conditional entropy) > Z£[E]¥f MMI HY£: 5§85 (Reference transcript) fif 8 3414 -
REEENYLCERE H ZAMAIA MMI Gl S > 7 SRR R E M s - HE A
fiE(Z 0028 25 (Confidence-based filter)th, AT 3| SRR - 1% AGw] ] - ELEC B
HYR e R R > IR E S R BRI 2EEE
(Reference transcript) /YR REM:  H = » RS EE#LHEEL 7 (Ensemble learning)
HIRE S - (59228 28 (Weak learner)fEIEZ IEHYSEER - 70 R BLah J& 4 & OF
(Hypothesis-level combination) 135 HE &4k & {(Frame-level combination) - &g
SHIRAEUR » 0 A NCE B Za] & B 52 7 (R $E 255 (Word error rate, WER) » [T #5224
“ff(Model combination)FIJFE 1 (& ELBEZFE T RUAE - Hl & 45 & Al a1
{8 (WER recovery rate, WRR)ZEZF]] 60.8% -
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Abstract

In recent years, the so-called Lattice-free Maximum Mutual Information (LF-MMI)
criterion has been proposed with good success for supervised training of
state-of-the-art acoustic models in various automatic speech recognition (ASR)
applications. However, when moving to the scenario of semi-supervised acoustic
model training, the seed models of LF-MMI are often show inadequate competence
due to limited available manually labeled training data. This is because LF-MMI
shares a common deficiency of discriminative training criteria, being sensitive to
the accuracy of the corresponding transcripts of training utterances. This paper sets
out to explore two novel extensions of semi-supervised training in conjunction with
LF-MMI. First, we capitalize more fully on negative conditional entropy (NCE)
weighting and utilize word lattices for supervision in the semi-supervised setting.
The former aims to minimize the conditional entropy of a lattice, which is
equivalent to a weighted average of all possible reference transcripts. The
minimization of the lattice entropy is a natural extension of the MMI objective for
modeling uncertainty. The latter one, utilizing word lattices for supervision,
manages to preserve more cues in the hypothesis space, by using word lattices
instead of one-best results, to increase the possibility of finding reference
transcripts of training utterances. Second, we draw on the notion stemming from
ensemble learning to develop two disparate combination methods, namely
hypothesis-level combination and frame-level combination. In doing so, the
error-correcting capability of the acoustic models can be enhanced. The
experimental results on a meeting transcription task show that the addition of NCE
weighting, as well as the utilization of word lattices for supervision, can
significantly reduce the word error rate (WER) of the ASR system, while the model
combination approaches can also considerably improve the performance at various
stages. Finally, fusion of the aforementioned two kinds of extensions can achieve a
WER recovery rate (WRR) of 60.8%.

Keywords:  Automatic  Speech  Recognition, Discriminative  Training,
Semi-supervised Training, Model Combination, LF-MMI

1. 3% (INTRODUCTION)

AT A AR ER A JE 1 4K 4 B% 1Y B B2 U (Deep neural network-hidden Markov model,
DNN-HMM)H 15 B8 K Y 2Eh%(Seide, Li & Yu, 2011) (Dahl, Yu, Deng & Acero, 2012) - {#%7
iy DNN-HMM % 3822 5 1#5/l|4k (Cross-Entropy training, CE)Ff1#E R]=\3/|4f(Discriminative
training) (Valtchev, Odell, Woodland & Young, 1996) (Valtchev, Odell, Woodland & Young,

1997) (Woodland & Povey, 2002)
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P& BV A=A SR - AR - s | TEFZHITERY B o B i =Xa 4k
Ve F REFEEEES S » 40 MMI (Bahl, Brown, de Souza & Mercer, 1986), MCE (Juang, Hou
& Lee, 1997), MPE (Povey & Woodland, 2002), sMBR (Kaiser, Horvat & Kacic, 2000)
(Gibson & Hain, 2006)#1 bMMI (Povey et al, 2008)% - 73T » fEZBRIIVIE& » NiEBRE
— P& EXHY CE 3148 » 1 1) =l 08 i — s B 31 S 1 i 36+ v ) 1| 4R (End-to- End) t BB 77
HRimE TR m 22 B8 B CTC (Graves, Fernandez, Gomez &
Schmidhuber, 2006)#[1 Lattice-free MMI (LF-MMI) (Povey et al., 2016) - Bii&fEzBRIEHERE &
JECEE R 500 /NERRYIESL T » R Al DRSS s Egny R ITA - MtEsE
B TAERE R Rtk = EIL T - BERGES T - By LA RT# - RILRRy T H AT
e 2L JHIIRTE £ - £ (Povey et al., 2016)HY E i fEg o » Z&j LE-MMI Y E AR g -
A RLE WG L2 EE - DI RIS a4 s - EER4E SRR LF-MMI SR 5
BSMAISELIR SMBR —3% » ELEITA% S SMBR it HETHRRAS SR - 24T » FEi e
SIGEAEE T+ YRR T A R BRI (Data hungry) « MG + (ERAE/NGE
ToHEE EAYZRERCGEE /N 100 /NE) AR 8 7 K RHERY (B 5245 5 (Pundak & Sainath,
2016) -

R EARET - HERERAN A TEEER » RESENT 0SS0 - &35
ARG R B HVE R R - SLOVEE A RSO R SR AR B S BRI SRR - #a4h)
Fhan  REFEAE R RE S BRI » WINAFEE G Sy E SEA G EER - 55
— )7 - FEEE ISR TT - NME O] AR B BhsEE PEsava e - R R 5 )
825 (Automatic labeling) k& #4223 (Transfer learning) ~ £&34 5578 (Speaker adaptation) ° &
TERIBFFE - BB = B 5 R (Zavaliagkos, Siu, Colthurst & Billa, 1998) » 575 RAVEI4k
7 5E B Bl 4R (Self-training) (Vesely, Hannemann & Burget, 2013) (Grezl & Karafiat, 2013)
(Zhang, Liu & Hain, 2014) » B 3SR 2008 1 200 BERIPE B » 5B — P& B R A S aBk)
dll ekt IEA E FRRE - 55 PR B RIS A IR A oK B s h k) MDA R
HralleRsiiy o 7R25 " IEECIRAS R E BB X g H HE - HIILgHEINAGL#EIE
Z%(Confidence-based filter) (Lamel, Gauvain & Adda, 2002) (Chan & Woodland, 2004) (Liu,
Chu, Lin & Chen, 2007) $kEEINSEEE} - sZENF A F @R FET - 2 /HEERR
(Vesely, Hannemann & Burget, 2013) ~ i @4}k (Thomas, Seltzer, Church & Hermansky, 2013)
PR B ] 4f (Grezl & Karafiat, 2013) (Vesely et al., 2013) (Zhang et al., 2014) -

AT LE-MMI 3§88 77751 ASR HUS T ERAVZENE « AR ESHY P& B4k
LF-MMI 2 {55 A3l 4 B g el - [FIRFAE R AU 1 VS H Al i (B RV R - FE
LF-MMI {EEE IR T EGRFERSE » B E IRIE TR AA R -
TEBAERYBFT o - 8 5l =Cal SR B 4 SR AR R 5 sth (T i 311 488 58 5 /Y TE 1 4k (Mathias,
Yegnanarayanan & Fritsch, 2005) (Yu, Gales, Wang & Woodland, 2010) (Cui, Huang &
Chien, 2011) - [fij & 7> #8570 SRHY LE-MMI 0[S A TEREME 173 BURL - 231 @ (EF8E
BN GEE R - FHEE S Bl GRS A (ReE B M AV IEMENE - IR B EEE
J> P B o A =CEl SR TS Lo i EE » %1(Liu et al., 2007) (Mathias et al., 2005)/ E1E/Z
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R O E RS I ASE R =UE%R - /e (Walker, Pedersen, Orife & Flaks, 2017) JIAZES
JESRAIE Lo 8 as PR A% e R e FE H#a 4 SF(One-best result) - A5 S B (Manohar, Hadian,
Povey & Khudanpur, 2018) (Manohar, Povey & Khudanpur, 2015)fH[E] » 258 B HI A FEE
P LUBR {4 5 (Conditional entropy) Y2 AN » (i BE B 1l 5a] [ 2 i — P& BV ANk < ANG
BIHAENE » BMREREN T AMIE R OB e Essabll - DURERE@E A EZ -
FIFHRERE 2 HEL S PRSI R & O 2RIV R -

B AL S OF1E B 85k 5 P ek b AE U (8 7 B — B AU Y Bl 3R (Fiscus, 1997)
(Evermann & Woodland, 2000) (Deng & Platt, 2014) (Xu, Povey, Mangu & Zhu, 2011) » 1545
AR HE BRI T 511260 - S IR a] DU IR BEAVSEER © /DS B A A R Ay T
BEME © DR RS A SIS Y (R 22 [ (Dietterich, 2000) » A LAME TEF ISR AT © 4135
FlEEFE(Data selection) ~ HAZEpL#E(Objective function) ~ fE7EI(Model) - 32 # FeHARFFI
BRGEEHE NAVEER 22 /] > A P R U SR A PR Bk S SO RE PR R AV - 314k
HYABAE Ry & AN SRAHERE Y > BRI SRS AR YRS B A & DRSBTS
B BERYSERR - DRI RUAE - EHEIFIERERE RN G075 - BERRT
& ff(Frame-level combination or score fusion) (Deng & Platt, 2014) » DL K R @4k & F
(Hypothesis-level combination) (Fiscus, 1997) (Xu et al., 2011) - f£(Senior, Sak, Quitry,
Sainath & Rao, 2015)1Ji 5% FF B HE/E 4 & GF BN CTC Ay ] LE-MMI ##{ £ CTC
(YRR R > R EESTEES B LE-MMI 14§45 2 B A [EEER -

Kim XXHVE N B E R RSB =Z AP EE IR T - (o & 5k (4 40 B 5] [ e B
LE-MMI #Y3lll4k - SRR S GRRT - 2R TSR e aa 5 - B RN
BRI YT » ARE RN SRRV IR - E 2 RSAF A E R R RV SRS R -

2. HERECEEE (RELATED WORK)

RiEam B ARV E LE-MMI B3R » i —5F1 F A & ORIuig s 5%
gE o HrP BRI Aoy = A0 1A ¢ R EVE VRS MMI B LF-MMI HYR 8 | &1k
RIS & Of it -

2.1 FECEAFGRPNEEREAT (Semi-supervised Acoustic Modeling)

P EE B EAEA HAYE AR NI - RERAVEERE - REAREEEER - HEEE
R SREERHYR UCED » 5% 7o R AYEEIRHELZ 2 B ATEoHT 7Y ASR Z 4 ] AZRHR (B 52
HIERAZ — » (HIEFEAERESEBRREE AR HX > FEIE 2 E R+
B (HHUS RS EREIE 515 % ZA0 R R R SR RS SERMER T B 2AIRE
iz > EREZHIME - 3G EDREIREAVRUCHED - MR R AV JT7E R E T
Il 4# (Self-training) (Zavaliagkos et al., 1998) (Vesely et al., 2013) (Grezl & Karafiat, 2013)
(Zhang et al., 2014) - HEFIERATTER 73 R WIFE B - 5 So (o I S aBbh s 1 5 5|
F8JE (BT By CE gll%k » (Bt mTn A SR =XaN1 %K) - 55 =B X AR AT B B s oR i R ol
Bl A E O EES(Lamel et al., 2002) (Chan & Woodland, 2004) (Liu et al., 2007) gz
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N SREEIE - 28 P BE & 82 203 | SRAVEERE  FF B3| SRS - 111 {500 488 25 (Confidence filter)
o FHEE &R (Vesely et al., 2013) 56 &4k (Thomas et al., 2013)~ 54 &4 (Grezl & Karafiat,
2013) (Vesely et al., 2013) (Thomas et al., 2013)Z%f&E @4k T o B8 A= S5 E)l
o 3B/ TERE M -4 B Ei(Mathias et al., 2005) (Yu et al., 2010) (Cui et al., 2011) » PR H i
FERTIIZEE TR (5 0 S 2312 - £E(Liu et al., 2007) (Mathias et al., 2005)P i HE/
PEIE o R RS I A 8 A =UE 4R - T AE(Walker et al., 2017) 4% 8 51 =148 i AGE 5] @ 4k
(5B 25 DL R 14 e PR I o 4% B - (Manohar et al., 2018) FIli s8] B ALE F BB =
LF-MMI (3I14k -

2.2 Lattice-free Maximum Mutual Information

2.2.1 MMI

{6 K AL AT BE M (Conditional maximum likelihood, CML) (Nadas, 1983)fy H A& 54 24+
ETEEESE O FIEAISZER - {H A 5T (Transcript) B ¥ B AT BEME © 271 By IE M5
(Reference transcript {2 » 53 BHRFTAT T SEHIMER - (N By — BRSO IRIA » CML
R T M B AEAIHY MMI (Bahl et al., 1986) » 740

FMMI — Zu lOgP(Su|0u; /1) (1)

(DAY u BEEA] > S, ByEET] u B IEHEIREE P51 (Reference state sequences) » O fyEEH] u Y
B MRS - MMI B B E R AL BAtry =+ - sFARVET R & H =
TEHH (Bayes' theorem)#FfEEE=0(2) :

FMMI _ log £ QulSuwhP(Su) 5
Zu 8 S POuls DP() @

ERQ2)T > Sy BysBAa] u Y FHIREE %1 (Competing state sequence) A 12 i §2 Hi =3I 4f -
AR AR R BUE SR R AT IE IR RE P H 1 A B FHIRRE P51 - S At R u AR ]
to i e Ry (u, t) > HITAT R =0(1) -

SFMMI

a0 = Osuytun ~ Vytun )

BT s,y Rt/ # (Indicator function) » &y (u, ) HE Y EHEREE 1S,
BE R 10 RCZHEs 0 = yytn AIFRy (u, ) R IERBIREE P H I & % (Posterior) » AIEIR
wrr e

yy?(il,\;) = ZS 6S:y(u,t)P(S|0u; A)

— ZS 65:y(u,t)P(0u|SJA)P(S)
S o1 P(0uIS)P(S")

“
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AR B HEE 2RAE(4) > () Rt ERTA R RN BERAVE R 1 « 1282
FEARIET T > B TIFIA CE fETRIAIISRIR H1 Bk ZEFRT A/ > (515 MMI HY35:5575 1
A IRAVEE P - ERE R BRI SRS T A EAVRICR - B R T L A REFY
EEE - EFRFEZERN CE FI4k > HZMRiC CERYFISK » 25 BT MMI 5l SR{£RETL
FI—PEES CE 3IISR45 RAYE M i fEf% - LE-MMI F g2 (HAETHE » fERH—
PEE% CE FHYalll R A=l - Bl n] ELRERT SRR AT RER YIS Falll 4R

2.2.2 LF-MMI

JTAEAR > (Povey et al., 2016)sF#2H LF-MMI > #5875 2 CE 3|2 4= sl B 1y U a0 B -
H[ i Fy CTC (Graves et al., 20060)FY ZE(H 24 - T2 AU - FIH 4 HEZESEA
(Four-gram phone LM) H R & Bt/ 3 3% Z5E = 1574 (Tri-gram phone LM) » EU{{{#
Gl ) A | SRR ] o (RS SRR 22 R/D 5 2 1 20 fe e o 28 FE & (Overfitting)
A SRETS » WAL 528 CE 1EAIITH(CE-based regularization) » 523/l 58 [FHF A FE 1L
LF-MMI #1 CE ; £ CTC HYRI{E/E E45,R 58 HMM (2-state left-to-right HMM)HJ4
BEZERE » HEE—(EARREIZH self-loop » FH{LLFY CTC MYZE (i H (Blank) » &M EELHIE
SRARAR RS i 2 A UE A b(Softmax) - RFEAR SZIRREAV SR (&R » T2 (R 8A]
HETE(Pseudo log likelihood) o Fif g # HY L 8 {5 15 MMI [ 3l 4 0] 15 — i B Y A ER A5 R R A
AFISE > HOW A B e B S E L - 2 5e 8 = (Full search) A EIREFS
E B R P AR S5 2 R R s B s BRI )1| f = 1% R B A 2 RIS CTC 2R 4 -
Rl LE-MMI 5] 15 £y CTC HYE(HZERE -

2.3 HERIEHER T (Model Combination)

FERSIE R TR 2 (A O AV EGR 22 R - H DUME T B — 1A DU AR R - 205k}
#E1E (Data selection) ~ HIZE K (Objective function) ~ fHAI(Model) - A T EIR i AV E
B AT REHG SR YIS0 JH B AR B #E T (Dietterich, 2000) < /£ DNN-HMM FYEAIH >
AT AT R « FHECZ R - AIPETERHE% %2 (Random feature projection) ; ZR1EZ5 1%
T » 41 DNN ~ LSTM ; BI85 k51 - 1FEH% #)4A{b(Random Initialization) ; §i5 tH H A%
%t o WFERE AR (Random forest) (Dietterich, 2000) ; B f5 % (Transition model)fIE
=154 (Language model) Y 2551 (AL sE S W AVIE R & OF al 77 R W - BGERIER &
B (Hypothesis-level combination) (Evermann & Woodland, 2000) (Xu et al., 201 )FIZHEE
& & Pf(Frame-level combination or score fusion) (Deng & Platt, 2014) - ROVER(Fiscus,
1997). M 2 { ASR 2 LAY AT REEE 53 (n-best) 45 SRAVHHEE » 7 a4 (Word frequency) 5 (5
0778 (Confidence score) & {Jf Bk B Ga|#E A4 ES (Word translation network) » H B E #5144
RA RIS - BES RE TP M(Xu et al., 201 1D)RIE R A ST 45
SRy [ B S > A B —EEr Ay e [ o &5 SRS BH 1T DUAE e/ IME B 008 5 R B g 1
(Minimum Bayes-risk decoding)t » %3 H =B SIR 5 £ (Deng & Platt, 2014)F 454
A RS A AR iy HH I R 7T A% 5 (Evermann & Woodland, 2000)F1 FH 47 EL(Viterbi) 4=
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1 55 [ B RS 7% 48 % (Confusion network) » HARHE & 7T AEAY BL 6 Beak K HAH R B GaIAY St
o EERERIER ROVER (MRS o BEZR F Al 26T AL & OF B A T (B B — SRy
FIH o AT AEEIERTIAZE S > I CTC HY#i Ry =16 53 {ff (Peaky distribution) » HHE/E
G PERE RN CTC AU » H 2 g LR Sy F i (Senioret et al., 2015) < [fif LF-MMI
Wethihy CTC MVIE(H - HEHERARE HFLIERBRE IR S Emay » R EE L EE
LF-MMI HyEHE & OFE A BEEER -

3. EEPALF-MMI By £ B2 B R 2 % (SEMI-SUPERVISED TRAINING
USING LF-MMI)

3.1 FEEE X LF-MMI (Semi-supervised LF-MMI)

RS HIAIITILT » 5 MMLEEATR CML > SRR TR - ATEFE
IR T » TR E B (5 TR IERE - RIS ST - R
IR QE =T -

SemiMMI _ P(0y|Sy, )P (Sy)
T - ZSuE?[ 0 ZS’P(Oul‘S‘,lA)P(s’) (5)

F3CHY u RsiBag > S, Bl u BYIEREIREEFS - (B P 5 B sURET M RIS, AR B 115
RIEE A MVEGRA - RELAFRECREE EIERENE - 0, FysB ) u VB SR - S' o) u iU
ARREFFA - IRV ATE S CE 55— P& ELAy 3 SRR fl AL 8t 7 P S IR BGER 22 R - (8
IS R RERE CE JISRIE AT E T &4 - ) LF-MMI 28— g (F LAy 5
EATUERAEER - A DU SRS B REE T R A RS F 751 -
ERMEERG) D TIHAVIERERY - Bid i N B RS R EVET RO =R E > i
e EEF B AR - BERE O (Beam) (R HERAVEIE - (REIZ p Al REHE
FEREEE  ERFGHERTEEME - HERERSCC B (Povey etal., 2016)HH—F -

3.2 &4 (Conditional Entropy)

Ail— B tP PR B IERE SIS, 2 NE PR AU E AN EER A - BRI RE RS H o FTEIVIE
M - RILEFEINASE PSS SR i TR EE g Y ERBAIRTZRIE - (£l
WIRRZE R By TR ILRRE > B A E R AE R — PR BRI SE S B R - IIAS LBE 2
PEbR BB EATsEa) - FDRECRSI SN T e | o EHkBREERNI IS ET A E S
BIERREDNGREFM - A RN LUEAPEERIISREERT > B AL SREF R B o B
(RG] > 55 B s ) — I 6K - i3 FE B2 IR Se 19 I AT A1 %, 0% (Forward-backward
algorithm)JII A T REEEMH] - WS =N(D BT ¢

FNCE = 3 o 3o P(S,10,, Dlog P(S,|0,, 1) (6)
R AR R EERIAY A 7 20 o (OB LL - AEAEE B AT RERV IEREF 7S, B - A
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T P(Sy10, VHREE A EE R R > A DA g 5 & R 1y o Bob e o K (6)#E— LR T -
FNCE = _Zu H(Sulau; A) (7

= (7)[F & NCE(Grandvalet & Bengio, 2005) (Huang & Hasegawa-Johnson, 2010) » T 0] LA
() Bfa TR 2 BANEZER B0, M T - 25 EE SIS MBI (Su10y, 1) < 20
(MEySCE A & E SR a2 I HE2A LE-MMI B R R - 11
ARG CEESSHVIF NIRRT IOREE S -

A BB EHEMERNREZMEA (MODEL COMBINATION OF
ACOUSITIC MODELING)

RIS HFRIECR FE BB IR IR AR EER R DB B R AT RE M ~ IR A
R 22 A BB AP BRI BE - FEREERIERIAY & O o] o0 Ry S HE SR SRR e Fg e - W9
HINELBEC RN U BN R ARSI B a0 NI EAERARIEE: -
"B ARAEFAE A ER GO - BARESITAE FARRE - AR HIPRREER

&1 SOTALER

[Table 1. Frame combination vs. hypothesis combination]

HE | SEBRSH BERGLR &b
REEEE | o mEIHEUERASRIEIGE |0 R BTG HIRAS
KRG N - Sli Ak L]
o (TR B (A B 2t
EHME |0 SHEEETHNBEREER | o SEEEFENERERR
SRIIEZ IR M: - LT AT SR H R o LA
(73

4.1 ZHEEKEDPE (Frame-level Combination)

HHE B AR A O AR 0 Bl o S A B A S BT BE M (Log likelihood) » 45 TR [EHY
HER AN - RASUHEEE » FrLLVARF RS RIAE - B n BT sE
MRS S s Y - T

P(Sutloutr/l) = Z%:l amP(Sutl()ut' Am) (®)

F(8) Sy Ay H AR HERE B B - AAFREEH] u (EBFFE R t HYRAE S AU - M By ORHIME
UGBS > o, B S BIEALERIMESE > Ha, = 0,3XM_ a,, = 1 - aff{RUA1E(Dietterich, 2000)
R I 4R FEf# (Diagonal matrices)¥f 2% Al AU 4R 4 & ff (Linear ensemble) » & (1%
S FE S %42 (Frame posterior) @ & i [& g =0 5 7] £ #5 %Y (Hidden Markov model, HMM)
AIEEERRT 3 O NI T sElE - W TR ARIBIZ T -
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[Figure 1. Frame-level vs. Hypothesis-level combination]

4.2 BRERESHSHE (Hypothesis-level Combination)

e ek & BFAIEA AT ASR ZArafis— e ryieas ik b A i8> 45 TR RIREE AR
BT EOF - BN EIEERGH - EEEga OF n] eatIEED R gL > HRRBTH
e PR A ASR HYEHEE R - IR Ry ErIF -

hy = argminh& Zhu L(hy, hy) Z%:l B P (hy [0y, ) ©

Horthy By % Al ASR SRS EE AL AR PR3] - MRy DRV ERIUAREL © B Fy 25 BT AL R A

fE > H Brn0 X0z = 1 LE5AE ZJEZE’]&E%@%& SR {5 F 4w EE B (Edit distance)

ﬁ(%T@ﬁﬁ%%%‘U ASR A B LR - WA R Mb B R SR R 5  F A e B
o SEBRAERER A R EE T2 FE 1 -

5. BE (EXPERIMENTS)

5.1 EEz%E (Experimental Setup)

EE(HE ] Kaldi (Povey et al, 201D)EEZ 3R F T H A - sERlEE AMI (Augmented
Multi-party Interaction) (McCowan et al., 2005) - AMI & HF v = |G St e
(Meeting browser)z13E - H &5 @ (Scenario meetings)FIIEFIEA &% - HiE S
doeta AN SR BT - R ILARE - H PR TR B E RS
fIEest 55— T HIHIFEIEH &% (Non-scenario meetings) IS~ » #0 FIHREN £/ - £
TR SEEE T EERE - B Idiap BZE 0 ~ I TNO A BRI Z WL ATHY 2 4 5t 9t
GHERE s/ N B - A0SR PEARE - Y SE - AMIRERIETEE TG - XF ~ 58
T GO gR G A  EREE OISR  CF AT EE - BRI
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ZK2.AM| B4R ~ RN E

[Table 2. The table shows that some basic statistics of the AMI corpus]

SERLEE AL FlEE= SRR HIEREE 1 SEREE 2 qast
IINEFEY 70.09 7.81 8.71 8.97 95.79
FEETHL 97,222 10,882 13,059 12,612 133,775

AT ~ BB BIEEE © R EsE T Vel » Al R EEECI IR R  EE R
FEEER v, o AREER H AR TEEERER - 2 B AMI IVEEARLETEEE - BN EG AMI
HIFISR G2 A AR R NILE RS SREE Roalll SREE N3 R 48 - TR EE $E3 (Word
error rate, WER)f1Z3/{Z{823(WER recovery rate, WRR)/E Bz - WRR 401 :

BaslineWER—-SemisupWER
BaselineWER—-OracleWER

WRR = (10)

5.1.1 F¥ESEAEEREHEZE (Semi-supervised Setup)

ARE B AMIFESCAVEISREE VI E R 16 /NEFAY BE B (5 FE R 62 /NEF Y IR BB CRIEES)
set  RERENDAEREE - BERSE ERAEIS M PEEL - S5 —PEEL AR 16 /NIFHYEE B REk}
| SRfE Y DLUSCFHE Y 62 /NIRRT E SERHE I RAE - B2 B BBV e 4 28 m]
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[Figure 2. A Flow chart of the experimental design.]
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5.2 EERGEEELSTHT (Results and Discussion)

5.2.1 JDANCEHLZEE /=2 (NCE and Lattice for supervision)

% 3 EIAYRE A NCE FE SR 5 B2/l o) T HYSE R - 55 T AY Im-scale Jy25 —
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FRF FH 21 1 5 [ Y P HE (LA (Frame shift) » 1 {CF% 30ms > IS ALK ER EAVERE > IR
FistnaiEh o 55— EEIT - Baseline 2 H A 16 /NEFFISRAVE ST § No weight (NW)
AEEREIIA 62 /NRFREEESAURETL © Best Phone Path(BPP)Z Y NW 2 F > fILA NCE £y
FESE VR EHEER © Lattice for supervision (LS)AIZALNY BPP A A& - & 75155
i > LS iR SeAsaE VIR 1.5 #PAISE(Chunks) - B EIFTEIREDAGTS  Oracle RIE
78 /NEFHYEE ERENI AR - Dev Al Eval 73 Bl MIEEE 1 AUAGEUE 2 - e PRVGE R
AILVEH - R TE G PSSR - (A iMdETT WRR By 24% > BRI BT
Ay LE-MMI fl-2 80 - U 16 /NEFAFIISREERHE 2 21 i m] Ay B - (2 WRR 27144
HREE AR R R S AR D E B RAEE - (/] NCE "J#E—D e WRR 2
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AT ATREMER - EINAVET R ZE R RE BB AR R - i — D IRTIHRRAE R -

7 3. /A NCE L2 &

[Table 3. Negative conditional entropy and lattice for supervision]

Supervision Im-scale Beam Tol Dev Eval WRR
Baseline - - - 27.2 27.8 -
NW 0 0 1 26.2 26.8 24%
BPP 0 0 1 26.0 26.2 33%
LS 0.5 4 1 255 25.7 45%
Oracle - - - 23.5 23.1 -

5.2.2 #EHAIEHFEEE GG (Model combination in semi-supervised training)

EFRERET A FIREI SRR T - SRS ORI » T 53 R tE G ARy & OF K Bai sk &
OF - BEAG HFHYHYE 28 T ZAR AR S RS et - (IS TR BRI RS E S
THRAVRIE » DRI ER A B S B SR T S R AR M - EBRECIRNER 5 (I E
53R R A EDTAGNSRTHY LE-MMI 2 S8R > PE#aC gk 3% 4 - FCOMB il HCOMB
Aoy 2 B SRR ERER @RI + Test Al Dev il Eval 2 WER AYAEAIEEES - ¢
bl g g Al LA Proportional shrink f{1 L2-regularization =] EG [ 5y 31168 5 {5
SRR 1% TREE A (L e it 2 2 WER » I —REEE T LE-MMI 25 518 [ i
B © 55— 51 > #EZ8E WER EEFIR > A EAE WRR _ERANGHREEZR - 5]
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PAE HiE R JT7ARNZ FME » A2 SR FERYISRLE A B P i - 55— J51E » &
GEVEIRGRE - BHERR G P E S EPEEL - LB — R AT B REIRTT 0.5 2 1.5 1Y
WER - 558 T & fHE A AR ilo fE A i PR B RS AV A S UE - 55— 07l @ BERBRIE
HIRCRE R EHERBR & 0F SR AV4E REFDIIMRER & OF 2 E &8 ASR fyHfE £
I HE & OF FIE S aC e ps i Y o LB S EGOF - (BRI AR & OF B RET R P B AT
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[Table 4. The table shows that different training criteria in the experiment. We

combine four TDNN model generated by different random seed at both frame level
and hypothesis level.]

TDNNO TDNNI TDNN2 TDNN3
AR FEJ# 2 (8% | +Proportional +Lo-reeularization Bl TDNNI %46
(81 TDNNO) | & shrink & (ERE]

£5. FEUERERIEEI S _
[Table 5. Results on model combinations including frame-level and hypothesis-level
combination.]

TDNNI1 TDNNI1 TDNN2 TDNN3 FCOMB HCOMB
Test Test Test Test Test Test
Baseline 27.5 26.7 26.5 26.5 25.6 25.5
BPP 26.1 25.2 25.5 25.1 24.5 24.4
LS 25.6 25.1 25.5 24.9 24.4 24.2
Oracle 233 22.5 22.8 22.5 21.5 21.3

5.2.3 F[EFEEEAHIEREISHE (Model Combination and Semi-supervised
Training)

# 6 PHVE—F5y R Ry B G kG O R & OF - Sl B2 T 5 NW ~ BPP I
LS - [ & pFrIFRE SR —AVIISREE IR - SO )7 R AL EL NW 5 fE 1540
NW 71 BPP ; fEFf5% - NW - BPP 1 LS « { EERAVAE IR A& HE N S HE G 4R iR
s Gt AR > BIRSRERIEFHERITERT - s E s ERRN &0
DEL R o ST 04T NW ~ BPP R LS 12 =AM A A 16 - &
WRR £y 60.8% ° 2R [EXERINY & HFEEA BN WER B2 WRR HYFES, - (HA[{EE AT R
HRRZ2F] WER P HYIRELY Ky 0.5 0 )2 EL & Il 4k 26 (A5 R 0 A1 [ {8 - B B A Al & ff
(T SHREEF - HEILHMATER > PR E AR S R 2L F o A
Proportional shrink f1 L2-regularization 815/ » &L » FameE T fEREE =



g A Ry S S = e o 31

BIE T - TS RS EE SR B2 IS ERS B BER B & Of 2 B Y
PSR -

6. FIEFEEERTIRE S OF

[Table 6. Results on model combination in conjunction with different semi-supervised
criteria]

F-COMB H-COMB
Dev Eval WRR Dev Eval WRR
+NW 25.9 26.1 35% 25.7 26.0 39%
TDNN-0 +BPP 254 25.5 48% 253 25.5 50%
+LS 25.1 25.1 57% 24.9 25.0 60%

6. 453 (CONCLUSION AND FUTURE WORK)
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