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Abstract

In this study, we focus on developing a novel speech feature extraction technique
to achieve noise-robust speech recognition, which employs the information from
the backend acoustic models. Without further retraining and adapting the backend
acoustic models, we use deep neural networks to learn the front-end acoustic
speech feature representation that can achieve the maximum state accuracy
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obtained from the original acoustic models. Compared with the robustness methods
that retrain or adapt acoustic models, the presented method exhibits the advantages
of lower computational complexity and faster training.

In the preliminary evaluation experiments conducted with the median-vocabulary
TIMIT database and task, we show that the newly presented method achieves lower
word error rates in recognition under various noise types and levels compared with
the baseline results. Therefore, this method is quite promising and worth
developing further.

Keywords: Noise-robust Speech Feature, Speech Recognition, Deep Learning
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1. 4&3% (Introduction)

TERS I B ELAERERTS - T4 - BhEEss - 5% - EEgRansgE &
PPy A& R m B a5 B FTEGERAYRROK - TRiE Sese IR s - SEE RV DIREFIIE
M (BB O H)  sBEme B ) & —EEEEEAIRE - 280 » BE SR
RS ETER - TE e R G TR T At - HILEGR T HiEE S DhReFIE M
HIMERE - B TR EREIIECERER B E THEAURES » A% TF2K - EITT&ME
B 5% tH 2 TR il 2R PR B2 S R0 ~ DACSCEERE = FERBARYINRE < T3 1| » fEARBH SR
PR eE = ENSR FhOp M A AT BV RERE - f2Ht T —EEFTH N IR Set B e
W BT B 70 -

SEE R AR T o BRI SR AR AR T RE S WA 58 S s Y i B A RE IS DL R Y
SRHYERERE b oo Ry T IR RN E Wi Bt T R A R E AR T 2
v o 40 /i Ui T 5 BE 3 (front-end  signal processing) o 2 22 45 40 A Y (acoustic  feature
representation)f171% I 45 A (back-end acoustic model)& -

EE B EIAU EF - Bl - 5% 5% (relative spectral analysis, RASTA)
(Hermansky & Morgan, 1994)35 & — Il s i £ A a Y fe (R AR T 2R OR, 25 - HEFIAERE
B AR R Y B O RS o] DU AT E ER 9k R IR EE B AV R 93 0 #F #AHY RASTA-PLP
(Hermansky, Morgan, Bayya & Kohn, 1991)sEZ R mah /2 i U A1 4R M {51 (perceptual
linear prediction, PLP) (Hermansky, 1990)/J5E 248 RASTA BRHE - [Ih4h - HaEE R
T 5 HETT N [5] P& 4R i TE AR b 0] 7 280 JRiss 1| S BRI & R 4 s R UTHE > b oe Fh
Fi5 CHEE I mT DAEI s (A BRI 52 88 FERAAY A B 3G E39 1E R (LA (mean normalization,
MN) (Liu, Stern, Huang & Acero, 1993) - E=#i L% (mean and variance normalization, MVN)
(Viikki & Laurila, 1998)f14% 51 [E <F (b £ (histogram equalization, HEQ) (Torre et al., 2005) >
EAITESY BISE SR RIEAUL T T © IS R - MR -

T 1% i S A o R ERASIRY 7 SR B A S A A SR L E T A ER BT N AR A
BRI — ALY T A B A i K 1% B R i JE L Y (maximum: a posteriori
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adaptation, MAP) (Su, Tsao, Wu & Jean, 2013) ~ £ A {214 [A]EF (maximum likelihood
linear regression, MLLR) (Stolcke, Ferrer, Kajarekar, Shriberg & Venkataraman, 2005) £ &
RAUIA LR M A (maximum likelihood linear transformation, MLLT) (Gales, 1998)J& F i &
BRI 28 (B BRI YRy S35 B s Sl ) e TR - phAh - SR
B EER R IR VRS HEEETISRHY Bt - DU S B B S s
HUERESS » B4 - (EEEE PR - &/ IME/rBHsE R (minimum classification error, MCE)
(Juang, Hou & Lee, 1997)f B 50 =02 (L ELHER 42 JBAE 3 » T F R issn Airy3E
] AR K st pEas o iV B Z #5555 (minimum phone error, MPE) (Povey, 2003)
FlEz/IMEEE #E 5% (minimum word error, MWE) (Kuo & Chen, 2005)F15-HY& E215 A1 5| 48 H
el s E R R A MBI P sE R AT R ST -

FEA AT A AR g 148 4945 (deep neural network, DNN)RCITHYZES N - sE 2 FREAY
A&l 7 7AEMS B T B LS A (E T S S AYRIEE » I fEsE S e beais T
AIPAEF] DNN &8 K & R PR GE = Bl FeE 5 - AKEEE 5 Z [EAYILIE (mapping)
B8 %5 (7 R B (R I LA B2 A5 Y 7 1) » DNIN RIS A B0 B 22 e TR U T 4R Y 702 -
540 - ANN-HMM(artificial neural network-hidden Markov model) (Bourlard & Morgan,
1994) B ) 24 #5 HH ANN BERSHEM (5 HEE S RHBEY AIZA 7 80 BE4h » TANDEM Z:%¢
(Hermansky, Ellis & Sharma, 2000)3/I[%k DNN 7 £ 3B = Ry et AR HAF RHEES1
HYE NS T SR ARy B AR A - B9 th o ds e D7 VA P AR B S s - [EIR
H#r > HESEE# (bottleneck feature){if(Grezl, Karafiat, Kontar & Cernocky, 2007)H#EH! T
ANN HyH I RHEBUE Ry (B SRR A - ] DUE RO AR & H PR B -

Fipl — 42 WY 2 - HIA 56 & 9810 B0 M8 4 55 & FF 809 B 5 (Han, He, Bagchi,
Fosler-Lussier & Wang, 2015) 5 £ iR EE & a5k B0E HARF A o 2 4 3R iy I
I0fE - IS R B BRI B B (regression) T - AL » fEHJT7AH DNN HYH
R 28 (5 F 19 77 82 7 (mean squared error, MSE)E B84 8 - #5HH & /M EARE 7 DNN
AU 8« 2RI > AESHAS JT/ARIMERERT - 8 & (0 F Hofth — e 2B AV AR - BlIdEE & in
B 1R AIEE (& (perceptual evaluation of speech quality, PESQ) (Rix, Beerends, Hollier &
Hekstra, 2001) - 45 15 &2 REHEE (short-time objective intelligibility, STOI) (Taal, Hendriks,
Heusdens & Jensen, 2010)=k a3 ¢35 (word error rate, WER) - 32 S65P{L /0 80N — B Bl H
‘R MR ARsE S Z M9 773572 (MSE) A BRI AHRH » 7REI DNN 314k 5 AR BT 45
TR RIBEFEE MSE SR mT EHER T 5 SeR G o 8 - AL - (F—LLiiE B 38
AR R B G = 58 (B 741 (Zhang, Zhang & Gao, 2018) - H %Kt PESQ #1 STOI 1 £y
DNN UGSy B RS ~ MDA AL - &S AP HYRRE -

Z |yt s F At SR B &% (Fu, Liao, Tsao & Lin, 2019; Xia & Bao, 2014) » AHF5L
PR — AL RS B 2 s M R U HL YT 702 A T B MSE S RfAY B AR
AN SR L T (e P A - AR LR 505 T B FIE A Y B AR e B2 S E B S R TS T
HERY R SR A H ARG 51 (state sequence) BREL B IRRE P IR 2 N HYKEHERS » BLEE ¥
A RS TS A ELEERIAERE - TS 2 > FeMall SR — (B0 S AR 44 A A T 58 B R A
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B HPUR KA AR = 58 5 WAk 2 40 o 12 U 22 22158 2GR AR Y 1£ B 14 R (posterior
probability) o PP IS E A a8 & R EUE W b T R B R AA s 0 1L HEA
BN SR

FELUTERT - I aEFie B S REIEEUT A - PR ERIRrREEL il REHY (B
B o NRHETTERRELIITEER o MR LLAGERFEL -

2. BN RAEAR B A E I EEZ I EBHERECE (Proposed Method: Feature

Extraction based on Maximizing State Accuracy)

TEAMTEF » B MR T — R RS B 2 s st S R U ECE - B )TABMER
R FAARE S W A BRI PURRE ST o (HID R S AR A (S PR R B AR A
T AT SR R AR Fr( FHAY B AT eR S B B SR T A B A AR %ﬁﬁﬁ
B2 RO AN FEAA B A A TR T R B E E R TS0

M 1% i Bt =0 AT R E2 58S (hidden Markov model, HMM)$SERREE 51 g 1‘5
WNEHERFY § (ERZFEERETYIEEZ HMM BYIRER 1) BV DS CRETER )
BeANAL o ZITENRAREAIE 1 AR - BERELITAPER

FE L:

#5255 RE (clean-condition) 5% £ B3l 4k 82 81 2% iR (IR B8 (multi-condition) HY 31| & 5 H 1Y &5
{iil 5] F-5+HH MFCC Bl FBANK FH# P51 » 2 125172 12 e RHEUF 71 (58 F S (B B S 58
TEHEIA(Viikki & Laurila, 1998)iIDABERE » 18 LR LA{0.} Fo/r » HtE HHENZE S| -
SEE 2

FIHIEISREE Y MFCC %45 - %3 Kaldi (Povey et al., 2011)Frf AR o)l Sk B
Z (monophone) B = 78 3 Z (triphone) HY = B R & (Gaussian mixture model) — & = 1]
5 [ B (GMM-HMM) = (673 — 32002 (eI SOBFE P » G VLS R4 7 (linear
discriminant analysis, LDA) (Haeb-Umbach & Ney, 1992) - &% A AH{LUE 4514 4 (Gales,
1998) F1 =5 =& [ 44 FE 3)I| 4 (speaker adaptive training, SAT) (Anastasakos, McDonough,
Schwartz & Makhoul, 1996) 2§ fi 55 52 /1 A LA AU 31| Gk ARt fE A RSB S R b - Y‘Jllﬁiﬁ
% > IS RISE P EEE P YIRE GMM-HMM A5 (aligned) 2 AREER51 G
IR RE P 71 4 B A A = 5 A -

HEE 3:

FEHAER 1 e 23ISR T FBANK RHE DL SV BR 2 P 2 R ECE IERY & SR ARG P
YRR - FFIEISRAHERY DNN-HMM 222458 (Hinton et al., 2012) » HHEEZHERES
F180, s HH TR RE IS 8 g, < TR YA [RIIE /& — (8 20 Te o JHAY R » 72 DNN B8
1% — g o] LA A B R o AR BB 2 2 - (R EAVE » T2 2 FREAIREER
(multi-condition) iy 3l 48 52 2R 5l S A B2 A A - HLEE S AR 9R I2 A T R [F 7 B B AR Ak B
(signal-to-noise ratio, SNR)FYZERH » AL ?E,Hﬂﬁiéﬁ DNN-HMM g7 L {d FH 2 3R AR Y
Al SR A A AR R FLA S A AT DR RE
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BEAh - B A2 FARER AT SRR (LR EER SR M B[R AARZ F B AN
) > SBHMI%E—2 DNN-HMM > # [t DNN-HMM > F{M i A2 R ok HLE Ak
REFPHIq - BAMHE B R E B IRRE P51 (ground-truth state sequence) » BRI B2 FHEZ FEEH
K5 0 RAEHENTE -
4
LB BR R R AL o TP Te 68— (i 25 5 FE 148 4% (denoising network) » FH A
FAaRE S R o, S0, WTHTR ¢

o; = fpn(0r) (1)

Hepfpon OFR RIS 2 KR SEEs et B - HalloR B 2 8RR zlo £V BE 3 PRIy
DNN-HMM # > =] DLFHIH B T B IRRE A R B ARG F 31 - HEER T -

fon = argmaxg(Acc(q,q" = g(f(0,) | D) @)

HrpAZ DNN-HMM BB ~ g 2 —{E%5 e M ARUART— (I er 8 - ARz AR TRy L (0,)
¥ Y e = AH DS (maximum - likelihood) RBEFF51 @' ~ g 2HAET— PRI 2 HEIRE
FF%1(ground-truth state sequence) ~ Acciz B EAE LU (log-likelihood) e #s - FHRYERE ' MH
g HUKETER

BRI AR R AR fpn 1% (EWERAERE T TR A R B EE 2y
o A E TR o, - A& Rrotm AR A (fR/HE 45/ 6K) DNN-HMM B EL 5 Bl h =
I~ 73 Al AR B s A B IR BB P 511 BiLgE P 371 - B4R o, AHEL » ¥rFifso THIHA
FORPLEREE ST - RUR B R 2543114k DNN-HMM E B N RIEHY » WA 2361 SR
DNN-HMM Frigtkiy B E RS - HE RIS T IR HI B2 5B & 5 [0
HRHTRHEL o Fr FERYIRRE P21 - HHEN R YA o TS EE B AREIREHERES -
L e AP Bk o 34 e s A i (R R B B

W S, 2, 3
I st HFBANKf, 3|£kGMM-HMMfo
il DNN-HMM # Al

954 H
IR R S oy
SRk AR

DNN-HMM

Acc l

L st

th %75 4% - DNN-HMM
A 94,75 D R AR T A

O 7 ) % -
[Figure 1. The flowchart of the presented method]
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(I P45 J5 5 22 (mean squared error, MSE){E RyfE < el #y.2 DNN SKEUiIE
SEE T AR (Garofolo, Lamel, Fisher, Fiscus & Pallett, 1993) » M7 7E2EH
DUT 7EAE (B,

1. PV AR RAYHTERAE RS H) R AR AR T - S L AR AR AEAE T
o T PN S W57 3453%5 (word error rate, WER) « FEEITTT - EHERME
3l SRR N R B R B R G2 FRE S RHE s IRV E 73R 2 (MSE) Y DNN Hiiadis -
A REFAE AT — = ETE amay B A CECRTRE » WA RECREBTE RNV R HER IR T PR
PR

2. FAMIEIITEBRF 2 R SRR 7 1S GMM-HMM H1 DNN-HMM B E45ERT - FE 3|
BRI g &SR - B2 > TAMITHINE (E A B it 05 R 52 s e a2
ZEM > LRI A A RS AT 2R T DA A R eE SRR B - HER R SR - 1R
A R R R i J A B O R G RE B R Uk B S R I Y B2 - (IR Y ZEET
o PR ARl E B P S e i T IS SR -

3. EEE%E (Experimental Setup)

FAMIEHZA Y TIMIT ke (Garofolo et al., 1993) #E1T8 &g - TIMIT && K B A E M5
M EMNER B ENER » HE R e S 2/ EF5] > TIMIT fiysEs
FERMIOEHEE B b A EINSRFUHEASE - EIlSREEA L BRIEFEAIIR R 2 B4 > T2
{5 FH 25 A5 (R A& (multi-condition) Y EII 4 4E - SofEEHkEE 1000 AjRzHEEE ~ FHERIE AR
[l feERE R A [F] 3R A EL (signal-to-noise ratio, SNR)AYERA-T-18 - #EsflA =7 77 /5] & - Babble~
Car ~ Street » [jEfEEEA FEZEL > o5k -5dB~0dB~5dB ~ 10 dB #1115 dB » Kt
FlSfEESLA 15,000 AJREE o EMEEER) B B T Bl SRR [E Y 400 AJRZ 5 » 5
43 B8 A =38R (White, Engine 1 Jackhammer) % 7<f&EzH &L (-6 dB, -3 dB, 0 dB, 3 dB, 6
dB A1 12 dB)AYHEEA T8 - HF 7,200 HJEEE ©

SR EE TR HYEE B R EUH IR 41T SCAHRR (context-dependent) 1y = 75 & 2 (tri-phone)
B A T SRR A [F Y 45RE > o3 BE GMM-HMM 1 DNN-HMM » G5
&t > GMM-HMM #1 DNN-HMM 73 52 {EH GMM 1 DNN R HMM #Y & 18R 58 - ¥
¥ GMM-HMM - f5:{E BL & 22 (monophone) iy 28 & sl SR fIES = o AU HH B A 3 (EIRREHY
HMM(&& 3 1000 {[E Gaussian)sk 227 i &HE =& ZHEA 3 (E{AEEHT HMM 2KER -
#a 3L 2500 {5 leaves- #8374 15000 {[E Gaussian« th4h - 1F = s Z Y| Sk #AFH - 7 LDA -
MLLT #1 SAT [EFREEEFiE - 55— J7m > ¥/ DNN Hy%EHS - (EH T 5 @R -
{8l 7 g . 2 1024 {EEfES - 3 H o7 i3 %] DNN-HMM Hr 74 = 2805 01 B 5 1Y 9 {18 14
1rigi R - h DNN B3N8k A Dropout 7% » ELf5I Ry 15% » #E7T 24 {[# epochs FI{E H SGD
EALES 07 HL{H A 50t (DU (log-likelinood) {F Fy AR EEL » (RIS BLTIISR - & =iy
BT ZAEREE - AR/ ME « FefEEH Kaldi T H5&(Povey et al., 2011)5K&l
# GMM-HMM - ] Pytorch-Kaldi (Ravanelli, Parcollet & Bengio, 2019) T & RI| A Al
DNN-HMM -
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Itah > FEiE Kaldi fYREEERRT - MRS T AR SEE S 1 =Tt ANRE S
Bl (tri-gram) o

AN SRR F AV EHEEE A - FRAFICEA 69 4ERY FBANK Rifgl (-l S HE 23 4
9 FBANK L) Jz E delta 1 delta-delta » BHERE £y 20 ZF) » FRALFE 10 ZF)) KIEF
E:tiF5 2 (baseline feature) - FoH2 HAIFEIS: DNN FEZLKF FBANK 1 Ryl A » #2082 F{E =
B AV BRE A RO > DUETTIR M - A% DNN BALZE —(E SRR 4g4%
(convolutional network) - B4 4 {iEAHE R~ Hy—4GHE kernel (%5 30 - kernel
K/NFy 5 > padding #05s 2 < [R4h BN EGEREEAFEMEMEBENSEERE > SBE
759 {EETRL o B RS R EUR A MEEOR B EI(ReLU) « 5% R AEZL Y SR AR
Fi Adam {B{L25#E77 T 30 & epochs i (i A 1 E0HH (UL (log-likelihood) E /2y H A2 Rk 8 <

4. EEGERES G (Experimental Results and Discussions)

TEAREE T - 2R ERGE RN - K 77w - F IR AR Hay )7k

Ry B KA SRR RE RS %A » 943 Ry "maximum state accuracy™ A4 5 "MSA"E IR

G0 > FRAPEE T WA R 2 oA LR A TER R - 70 Al Ry die /N B U7 5 722 R R A e o £ A
(minimum mean-square error short-time spectral amplitude estimation, #5%55% MMSE-STSA)
(Ephraim & Malah, 1984) » R FEAELEFI3E % (ideal ratio masking, #E%S A IRM) (Wang,

2005) © [EA1 - PRAFTER —FE ALY DNN SREEFERRT iy 7572 (Han et al., 2015)#E1TEE
BT 0 5% 0705 T S PR 48 4845 (DNN) st A ny FBANK $ifg - A1 B g IMb
2 kel oS R — 520 F#C $ (noisy-clean pair) Z 5B Y FBANK Rifel 2 MY 5 e
(mean squared error, MSE)ZcEEEL DNN - i2fE /5 74%8 & feature-based MSE - 4E%S &
FMSE -

TEE - T EEBRESE oy Ry R El o7 73 il e 2 R3]l @i =X (multi-condition training
mode)F15Z ) F R BEF 4 15 = (clean-condition training mode)  {E 153 EAVE » FRFTEE LAY
7375 MSA IR AT M {ERE T B s 25 R 3| SRR P B2 8 T 1S B MR
s SR AR AV R s B R U W R = T AT S E AE 3R BT -

o (gl SRAE = (multi-condition training mode) > 45 5 BiE

& FH 25k (31| Sk 52 Pl S T A5 YR B2 R B > % 1~ 3% 2 B2 3 31 T 3|V 374 MSA

S = F@EEEE FMSE-MMSE-STSA B IRM 7E = fE FEstUHIEA S P 1S 5§ 5% %2 (word error

rate, WER) - {5 /FEHJ/E * MMSE-STSA 8 IRM ZfEzE & ia (A R A RIS HEE

A WARERRIISRE 2584 - [RRZRMZATE R - &M ERER PRI HRE

AR 2 S S e BRI i - fEE =R » MIA DU EIEAER -

1. PEME o &AM Jackhammer FEHIREE H15 2RV S8R R BHZAR White 1
Engine #EEHEREEHY WER » 32 3HHER White 1 Engine FEEHAHEL » Jackhammer ZEEH 5
FEE NS R EEYN o (R AT 7 /A A= Jackhammer FEaH TR
T st R (baseline) » JERIHEE S LBORBIEREBUT AT RE G HHEE/ D IVEEA] 5]
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R R 7

AFE L AEHERIAE -

#7> MMSE-STSA El IRM WifdizE & 58 LA S » MMSE-STSA ZURBAZALE IRM 2 >
HEEEE SRS RS A $E R > [ IRM BN R E RS R = HEEEE Y
SNR B/ INEERRGAE R - LSRRI EES TeE g b A r St EawE - =
FRBERRBET 7B & Wk S eSS -

£ White F1 Engine ZEaEE b > BrHEHAT MSA JE{EA S8 SNR B2 T 1] DUE SIS
AR SRR - A H S BE A 57k > E58 T MSA FEHiE S B S B IR RE RS -
T U R T SR (R I U R - FERIAYE  BrER AT MSA thi g
B > HANGRATE 2 555 B & R EE I E 2 IEEE 2 White ZE5HEEL Engine FE:H -
Rl » MSA TERAERRE FEUR I H—f%{b(generalization){JEE T » FEARFIFEE  (Unseen
noise)iREE I~ > (ol He sl RHEI R e -

FMSE J5758 F 1 e/ IMEFEREE S FIRZ FaE 2 H FBANK R ffyg 15572 (MSE) »
R FRTAFERE R T R LR RS R 2 - WE 2 AT - Erl g
R H R BB LISV R UCHC - 251 FMSE J5 A s Y sE S R U T A R =Y
PrmErey > S—(EEKRE > £ FMSE s 51y DNN B EES I sE R - AL A
TR R E R R B R -

L. BEEAFIFECE “White” FRIHELE TR ERE &R - MSA ~FMSE -
MMSE-STSA #7IRM AriZrza#238#(WER, %)

[Table 1. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the White noise-corrupted test set under the
multi-condition-training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12dB
baseline 66.1 62.1 57.0 49.8 44.8 34.4
MSA 65.5 61.0 54.9 48.9 43.2 34.7*
FMSE 69.2* 63.3* 57.2* 50.4* 44.8 35.3*
MMSE-STSA 70.3* 66.8* 60.4* 55.0* 49.7* 40.1*
IRM 65.8 61.9 56.5 50.4* 44.4 34.3
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2. ZEEETIFIRZAE "Engine” FRSHIRAEE R SEHTZ &5 MSA "FMSE
MMSE-STSA #7 IRM GriZH za#5:8#WER, %)

[Table 2. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Engine noise-corrupted test set under the
multi-condition-training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12dB
baseline 65.3 61.7 55.1 48.2 41.5 311
MSA 65.5* 60.2 54.6 47.9 41.7* 32.3*
FMSE 70.4* 64.5* 56.2* 48.2 41.0 31.2*
MMSE-STSA 68.3* 63.6* 57.3* 51.4* 44.9* 34.2*
IRM 65.9* 61.4 54.8 48.2 41.2 311

7 3. BEAEFIGEZCEE Jacknammer” Z23H 25 T AIAEHTEREE G ~ MSA »
FMSE  MMSE-STSA /7 IRM AriZ#za#2582WER, %)

[Table 3. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Jackhammer noise-corrupted test set under
the multi-condition-training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12 dB
baseline 314 27.8 25.9 23.8 23.0 21.9
MSA 32.6* 29.4* 27.5% 25.7* 25.1* 23.9*
FMSE 34.4* 31.3* 29.1* 27.6* 27.0* 26.1*
MMSE-STSA 32.9* 29.0* 27.2* 25.2* 24.4* 23.2*
IRM 32.4* 29.8* 26.6* 25.2* 23.8* 22.8*%

o 57 58| 4fE = (clean-condition training mode) 2 45 B BLE i

FIHEZ ISR LR SRIMAS AR ERAEA > 3= 4~ 3R 5 Bil5R 6 71| TV 57EA MSA K =

fHELET A FMSE~MMSE-STSA E IRM 71 = fai s fUHIEA 85 TS 2 55 #5352 %< (word error rate,

WER) > HSEENE > HRIISRE B FeE S - FRAMNEA{E A 5 AR HA B EE—

Faefl - BRI EZF# SR EE RV IR A FBANK FHEoREN S 2E A » & 774

HAENE L - fE=(E7F > BRMABELITEZ !

1. FERI=(EFRER 1~ 2 - ML w2 FaISRE =5 2Ry A 2 B (aseline) &5 SR L 25 (R
R R B S R EGE (RIS R R S i R ER R AEl %
A SREE ML - B2 Rl REE Ay B HIER AR A AR HEE ) 2 ff 22 R UCHC 5 fyBH 8 -

2. B Z ATAVEIZR > MBS R E S S IiERE H (b A (MMSE-STSA A1 IRM) H
REfFEIRHAT B S RVEESE RS - EHREN T EFEEE S E A — R H
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3. HIARZHHEER ZIREEER T SNR &j2-3 dB 1Y Jackhammer ZEEHIRET) » FeMFrfE Y
MSA ZAREIN BB Baai R - G BRI Eaa - B tbaE R BIESIGRER
RS MSA R - FHIEAEE A RF B MSA TERREER » Ty S H AR S EistE
& o TRl Ky - BHEIGEE T HRMJeATnIbiL - B MSA BA—M(bAREST » AT el AR
FFE R -

4. {ERIFERF LY FMSE 7% » fEER > FEREREE T RE LA B Bl SRR B (BIS- 2K
HEAI SRR - (B HZCRAA RIAIFTR 2 HAY MSA 7% -

KA. B FFGIREAE White" FREF I T R GEHT R S% - MSA ~ FMSE -

MMSE-STSA #7 IRM FriZH za#5:82WER, %)

[Table 4. Word error rates (WER, %) achieved by different methods (baseline, MSA,

FMSE, MMSE-STSA and IRM) for the White noise-corrupted test set under the
clean-condition training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12 dB
baseline 67.6 64.6 61.0 55.6 50.9 41.2
MSA 64.3 60.6 56.3 50.8 45.4 36.6
FMSE 68.6* 64.3 58.9 53.0 47.7 38.9
MMSE-STSA 69.9* 67.1* 63.7* 59.1* 54.4* 45.6*
IRM 67.4 64.3 60.6 55.0 50.5 40.7

7 5. BRI "Engine FESHIELT A EHVZ R ES% - MSA ~ FMSE -
MMSE-STSA 7 IRM AriZHza#3 3823 WER, %)

[Table 5. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Engine noise-corrupted test set under the
clean-condition training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12dB
baseline 67.3 64.7 61.1 56.3 504 394
MSA 64.4 60.9 55.2 49.8 43.8 34.7
FMSE 69.9* 65.5* 59.7 52.3 46.8 36.6
MMSE-STSA 69.1* 65.9* 62.5* 57.3* 52.1* 40.7*
IRM 66.8 65.1* 60.6 55.7 49.7 394
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6. B FEFNGEEZCE  Jackhammer S2EH R4S A EHTERE E 5% "MSA ~FMSE »
MMSE-STSA #7 IRM GriZH za#5:8#WER, %)

[Table 6. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Jackhammer noise-corrupted test set under
the clean-condition training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12 dB
baseline 353 315 28.5 26.7 24.9 23.1
MSA 338 30.6 28.7* 27.0* 26.3* 24.9*
FMSE 35.0 32.2% 29.7* 28.1* 27.0* 25.4*
MMSE-STSA 36.5* 32.8* 29.6* 21.7* 25.3* 23.7*
IRM 34.8 31.8* 28.8* 26.6 24.9 23.3*

5. &EsmERAKEE (Conclusion and Future Work)

FEADTTE > T EZEREAE 5 BB S HElk P AR > fR ) — RN R B AT
JTEAGEIL DU REZ R > 5% 07 EA AR R B e i KA BB o (B S R A B2
RIFREEREHEE - ¥10 EEERI - BriRiAv 5 7A ] LIRS FBANK RSy EnXR -
R RAE T AN EE R T HIRRR o HL R i BRI R AT S| SRR S AE 2 IR R T B2
FZRIRT o EEVBETRIR BT o BERRZACHIEL R IT A - FPIRZ 2B R A 5 2 M 31 SR L
$52 S I SR B B A — 28 1 R L R F A A - ANIR R LB LAt R R B R A
IR R B A G DI AT MERE -
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