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Abstract: In GMM/HMM systems, model-space adaptation techniques such as MAP are often used for
porting old acoustic models into new domains. Although modern ASR systems leverage feature-space dis-
criminative training, adapting feature space transforms has not been much investigated. However, because
the feature space transforms are statistically estimated with a large corpus, the transforms should also be
adapted. This paper improves the feature-space discriminative adaptation by introducing a regularization
term for an indirect differential computation of the fMPE objective function, and also by updating the acous-
tic models with MAP instead of ML criterion during the fMPE adaptation. The proposed method performed
favorably for the adaptation conditions with small amounts of adaptation data, and yielded 4.4% relative
improvement in comparison with MAP-adapted system without using the fMPE adaptation. Next, we intro-
duce the regularization process to a standard feature-space discriminative training for situations when only
limited amount of training data is available. The proposed method consists of pre- and post-training steps,
and yielded more than 1.5% relative for various system configurations.
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Table 1 Performance on additionally-trained fMPE.

%WER
Original {IMPE 17.66
Additionally-trained fMPE 23.20
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Table 2 Comparisons of adaptation methods.

System Model Update %WER  %Relative %Relative
in £-DT stage (Baseline)  (Model-MAP)
Baseline - 17.66 - -
Model-MAP - 16.04 9.17 -
fMPE-Adaptation ML 23.20 —31.37 —44.64
fMPE-Adaptation (fMPE-MAP [10]) MAP 18.96 —7.36 —18.20
Regularized IMPE-Adaptation ML 17.31 1.98 —7.92
Regularized IMPE-Adaptation MAP 15.43 12.63 3.80
Regularized fMPE-Adaptation + Model-space DT MAP 15.33 13.19 4.43 (t-test)
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Fig. 1 Schematic diagram of adaptation experiments.
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ol PRERICB T, HRMOESEI LICTREIL
roFpEsRI LT 2258ty N TIER L
HFEETLDS, ARMNOESEI LT OATHEL /-
HFHEHETVELEBE LT, MK 3%DUESH L L
AHRL TS, Thabh, H#EREILT—IFEDDT
VEROSEIE, KRERBEDESEZ L7 5 OFfH)s
HETHDLIEEZRLTWVA.

5.2 REFE
AR ICTIE, PR 2 FRB 2 AR 2238 ORI, 1EAN
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LR & AL AR A TEHTT - FRFEEZEALT, AFIZX
HPHEEIRILT I 2R RMITERAT 2L RET 5.
BAKI 2 MU 2 7 v T % RITRT.

(a) BERZLEEHUESRZLF—7 DM HWT,
RAUMEEICLY) ML EF V2585,

(b) ML #B &N/ FEBETNIIOVT, LEOEEZRS
LT =% Od% v TR Z2M E o @R 58 2179
(FHI%%# . Pre-training step). 7272L, I ZCHE
LTw3 ML E7WIIETREL LD T — & SRR
SN T LEEBEFLTH LD, 3.2 HTHRR
TIEAMEEE B A 5. S OFFFEE L, Ay
BEBATIN T A2 BESREI L7 2 it
WML W) EDITTH 5.

(c) Step(b) TH S NHEE TN B L ORI RATH %
MPMEE L, BERILEBUEIRILT—20
W7 % T, lH OFEEZEH EoREIFE GRS
# . Standard-training step) =179 .

(d) Step(c) THOLNTZEEHET IV ERFHARITHIO £ »
MIXFLT, mBEICHH)—F, HERILT—V DA
T V723 (HR5E | Post-training step) %
FATT B, 2L, COBICO EALLEEZE AT 5.
FRTHEIL, Step(c) PEUFSREI LIZHEINLH
o P IEMRE RN T 588 %, AFoESRD
L7 — % CHEMTAZ L2 EML TV,

P el EoRFEE IS B 5 £ O FRERE ORI
121%, FBSREE TV (unigram LM) 2 SER SN2 T 1
BB ND D, T2 TlE LA Step(b)~ (d) DFIHIZLE
Voo T, HEETIVOEE T — 5 b D IEEHEEr S
B SN EEETNTTI T4 A% ERL, Step(b)~
(d) CHBIZFIAT A, b L<IE, #UEIRD LIS
BT 10%30% DR ) BEEN LD T, AFICL3
LVEROEEZRIL T/ PEBRUESEZLIED %Y
T — ¥ RO Z HN— L TWB I EDPHFNII00 > T
WhHhh, EERILTFT-IDOAEHVIZHEEEET NI
IoTELIMPEEBOLIENTEL, TNIZOVTIE
5.3.3 HTHEHERERT

5.3 FB&

4 B LR, FRAE S AL OBGEE IR b AR E R
ZINH LVCSR Y AF 2% Wiz, 7272, 22 ToF—
Zty MIMEICPSE L LVCSR HAAESEHTH 5.
PSRRI HFED T — ¥ 1y b EFARSIICDY, TH
MU LOBHBEHEEFRP OSBRI ND. ZOMO5Mb %K
EF—SERULTHH. ANTICLAEXRILFT— 41,
LVCSR & v b2 &ML S 7z 100 i o7& > b TH
5. REETHMHT A LVCSR X DNN 205 B S 5 4

BOANTFOHRSEILT—FICOBAVIEIE TN, IR T,
BREEIC L AEOHESREIL LD DT 2R 344w,
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BEE A &35 HMM/GMM Y A7 A Thb.
5.3.1 DNN ##E

LHEETFT =15 256 HFFT BL 31 F vy AN DIN>
RNZ 7 4 )V AEHR LT, DNNICANT 5729
D 31 RKILH MFCC Z it 5 5. Biffsg= 3F M5,
MFCC (3385 X B D A TRD 727 T A N T 250 53858
HAZO CMN %#47->C\wh, FEETIX, 2 3o DNN
# (DNN-A, DNN-B) ZFIH L CZN£4 DNN (ZHD
CFfEZfiL L, #PEORME L BT 5.

DNN ® AJJ1213 31 KIED MFCC IZDWTHifR 5 7 L —
DR L 2GRN 1L 7L — A h 5 B 341 RGO F =
ZMH\w5h. DNN-A 3&fE 1,024 D 2=y v H 5% 55
BoENWEEHoORy b= THL, HHEOZ= Y |k
Bixs12Thy, 1=y MR 2EFZOayTFF AL
FHTAEHRRERDY) — 712 B L TW5b, 512 K60
W FE RS54 (PCA: Principal Component Analysis)
(2350 RS % 0l U C 40 RICO B (CFEME$
L. 72721, PCA ORIIC Softmax |2 & 5 IEREIEZE 34T
b7, DNN-A OFEERTIE, HHED»S OM )% e
ELTHAT A DT, HITEOKIZ 512 L/hEDDH A4 X
IZLTWA. KIZDNN-B IZDoWTik~<2% &, DNN-B b
DNN-A LM UANEBEAET A5, sBEOENE &)
JE DRI 40 RIED R MV Ay ZREEHEAL, MLy
7 l@ 5 O] % DNN Fiffie & L THW B HiR L L7z
%%, DNN-BOH D= Fid 512 55 3,000 12
R LTWwa., RENEOIERIIEZAIRIZIE, W DNN &b &
TEA FEBEERACS.

DNN OB F— 5137 L — LB TT ¥ ¥ LIREEE
b, JRERKE LTy oAy hu ¥ —HiEx fv7z 250
TLU—LABAO I =Ny FUIEIZL Y, REETETER
DEF %47 > TWA. DNN OH 7 — &9 4 X1 1,500 i
MThb., *v T —7&ROFEFH T -T, @M%
HHFB Lo TAy VT—2 % 1 EBTOWET S, * v
k77— 2 k05 (Fine Tuning) (% 20 [l 1 & L 72,

DNN 225 40 RICOFF Mm% AR L 721213, JFizem -
THERAIEYIZFE SN2 HATY) (IMPE 248) 2 HWwC, §¥
BEx L) EHE LS N BHICES T 5. IMPE 072
O DFRMERNRY MV 512XICTH Y, Inner & Outer
aYFFAMIENENS LA L LI AETIE, 20
fMPE 24t % & O ZhRGIZAT ) 72018 A L7250 - Fik
FROWEBH R ZRT.

53.2 BEEFI

BTEET VI AT EFERICEEEMY.CH Y, TR L
DEFTF =% ZHTLVCSR OHFHE TV EWET 5,
=721, ATEEREDS DNN ICHRT 2 & TH 5 5T
H7e B IREERZ 3,000 T, A AT O#EIE 120K T
b5, TEETNVIE ML EMETHEE L%, MPE &%
Tl e B L ONE SOV 2R o Ek R & T T
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F 3 JEHZEMMENFE OO ORAE - FHRFEO)E (DNN-A)
Table 3 Pre/Post-training for feature-space discriminative
training (-DT) using DNN-A bottleneck feature.

f-DT Process KER  %Relative
Baseline f-DT 13.38 —

+ Pre-Training 13.26 0.90

+ Pre/Post-Training  13.20 1.35

R 4 JEHZERMERNFE O 2O ORET - FEFEO)E (DNN-B)
Table 4 Pre/Post-training for feature-space discriminative
training (f~-DT) using DNN-B bottleneck feature.

f-DT Process KER  %Relative
Baseline f-DT 12.21 —

+ Pre-Training 12.07 1.15

+ Pre/Post-Training  12.01 1.64

x5 ETNVEMEYEZOLE (DNN-A)
Table 5 Comparisons feature-space DT ({-DT), followd by
model-space DT using DNN-A bottleneck feature.

f-DT Process KER %Relative
Baseline f-DT 11.96 -
+Pre/Post Training 11.79  1.42 (t-test)

179
5.3.3 KERIER

& 3, & 4 |2 DNN-A, DNN-B |2 & 2 FEEkE 2R,
TRk OFHATFEE L 10 [, ABEEAEE L 20 [, FH
BT L MOEMERE L, SRk 0, Ei
FRO KL B - FRFTAROBFZ I, FHT—
F R O L-HEREETVERIAL, B0 T 71
AERWz, FENRERYERT L7720, RTIIGAR
MEOHEAER, §2bHETR L) O R T k412
TR0 ) RE KER £ LTRRLTWA., T4bb,
[EHRFEE L CORBEEWIZERZR) ELTH Y~ b
LanwZ b L, RITRTEBY, —EFPIE DNN-A,
DNN-B O D7 — A TL D IR ) 2 3 ¥ T8
Y, DNN-A CTHIxHIIZ 1.35%, DNN-B T 1.64% DeLEH
BOENTWDZEDSP A, THIUTIREDED DNN Hko
BHEOME FEIEKE Lo ETE W 2 BRL T
Who F7z, FEIFE - FRFFOLDL L D HRUEICH
BELTWA Z LD RSNz, R 5 1L, DNN-A DY AT
LT DOWT, FEBZE B ORIk TE 7OV ZE R Ok
WFEB TR TH L, RIORTEBY, —EFHR
ETNVEMOBNFEOBETHLENRIHEONTBY,
HE - FRPE L LOBFE E KL T, 1.42%0U5E
Wb I EDorirolz. t MERITo 7okER, IRED (K5
DY FEHR 1.42% 124 1L, R 5% CHar - FrY
AT DR WHERE L LR THBEICHEDS D - 7.

WIS, RE6WBAFICLAHSRI LT — 7 OATHE
LIS ETVICEARRERLTwE., T2 TOHT
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K6 ATICLAHEIRILT—IOADPLHEE LIZESHEET IV
O#pF (DNN-A)
Table 6 Effect of weak LM trained only with manually tran-
scribed data using DNN-A bottleneck feature.

£-DT Process KER  %Relative
Pre/Standard/Post f-DT 13.20 1.35
+ Weak LM w/ transcribed data  13.15 1.72

(X DNN-A (2 & 2 Fe e FEH oA Th s (3 &
). A EOEBRTHH L7z 100 BEEoEERZ L7 —
73, BBUREUEIREZI LZ2E0FE 75 &R0
ME KL TW5b720, EEETIVEANFICL 2 M
BERILTFT—I0OMETHILIZE ST, SHICHRE
EUETE A L RMER L.

6. BHYIC

KL TR, #1112, SBEEFVICHTLEET— 5O
A= AR AR 2 B TTC, I Ze Rl 2 i E T
BHERR Lz, REETIE, IERMEIEZ 3R5058 o 3
B L, S 7V OHEPNICIE ML 5282 T
MAP S8 A L7, BATHIZRIC BT, HEET VY
RBUET =295 ML #EETHE L, 208, FEZERH
FORBFB OB CHEE T — ¥ A MR BREOE R T — 4
BB B EDSHE STV 5D, BB AT
WMHMEE LTIZ 0T v ¥ ARl 5$ 50— 1T
HbHEEZLENDD (4], Fer ODRETHETIE, AT~
ISAH B SN BT ORI ZIATH 2 E & LT
SEMOBEIEFE 2 ERT S LIS T 5. KHFH LTI
JUH LVCSR 7205 HEY B & ) FEREO I A~V v T
REVFHIZB W THEEERZ TV, REEIIREN 2
WL TH S MAP & B L CTHIXTIC 4.4% D UEMD
Bonb T ERRL. EETE, #FHPINEHEIX DNN O
D= VANV IO EASNRE LR T HITC
W5 [17]. EBIEISEICOWT, Sk, BT -5
EHWY =4 VA ML —Z 2y ZICES A BB LTE O 1
fb2Maf 45 & b1, L1, L2 ERMLEGEM L72ERIML
FZOWTHFT A2 TPETH 5.

85212, AFSCCITIFBZE R 8 OB E LD 720,
RENTZHA ZADOESRI LT -5 Z2FMHT L &0 Bl
Mo, IEHMLEZEA L-Fa - BRI EAIREL, K
HEEF— #1215 LVCSR Y AT LIZB W THEICHE
LUESRONE 2 EERIR L. KBTS — 5 2 Hwi-E
BETIVOMEIIEENLIEEICR ) DOH 505, KHK
F=FIZEAHEFETN, TNETIRESNHA D
ETMEEM O R LT EHE T LD 0 v, 9L
T2dr, FADIRELFFHEZI S AY U R
ARLTBY, EFHNRAETHLLEEZ TV,

BE OAWIZEOZATICHZD, IBM Y MV ) —F &
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> % —® Vaibhava Goel & Steven J. Rennie [KICH 7%
BEr Vi n, ZZIEHOEYETS.
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