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Abstract

The performance of automatic speech recognition (ASR) often degrades
dramatically in noisy environments. In this paper, we present a novel use of
dictionary learning approach to normalizing the magnitude modulation spectra of
speech features so as to retain more noise-resistant and important acoustic
characteristics. To this end, we employ the K-SVD method to create sparse
representations for a common set of basis vectors that span the intrinsic temporal
structure inherent in the modulation spectra of clean training speech features. In
addition, taking into account the non-negativity property of amplitude modulation
spectrum, we utilize the nonnegative K-SVD method, paired with the nonnegative
sparse coding method, to capture more noise-robust features. All experiments were
conducted on the Aurora-2 corpus and task. The empirical evidence shows that our
methods can offer substantial improvements over the baseline NMF method.
Finally, we also integrate the proposed variants of the K-SVD method with other
well-known robustness methods like Advanced Front-End (AFE), Cepstral Mean
and Variance Normalization (CMVN) and Histogram Equalization (HEQ) to
further confirm their utility.

Keywords: Robustness, Automatic Speech Recognition, Modulation Spectrum,
Sparse Coding, Dictionary Learning.

1. %@

SEE R ABRE AN ERE T - EHEAEY BRI AREHEEN
R LI B RETRE ~ o7 - Z2fEEENIFE B RENE - MEEE PR
FERRE S RO R EAR R B R BT - sEE Ry - HENES
sEE FEEHEREZAIER -

PRI AR Z B B BB S PR AR - A THERVIEN T - SIS B IFARE S PR
MR HREHRERES - 38R PEERAl 0 R R M5 2R 57 B 31| SR 3R 855 R VTG
(Mismatch) (Tabrikian, Fostck & Messer, 1999) » {15 L 240 2 SUAEE R Z TG o FHliFris
IR A CECR AR R A A T SR E SR - IR s =R - Bt s sk
AR HAEE B E B - FTEEAYEE F ek 2 98 (& 4 £ fig (Li, Deng, Gong &
Haeb-Umbach, 2014) » B2 £ 7K AU ZR AT 2K 2 5228 B 056 S Wk A AT
AR MEFEERVEREE T - hRefrA —E R HFakEE

AT > - HLEE ) (Dictionary Learning) J7 /A &> i FHAE ] 52(Lu, Shi & Jia, 2013) ~
B R > 48k (Gemmeke, Viratnen & Hurmalainen, 2011) (He, Sun & Han, 2015) > EAZ»
fEE R ) FH - B AR G e I R R EH R W B G A B %71 (Sparse Representation) » 57 HLEL3E]
BT B (Dictionary) H BE B/ D & HYJF F-(Atoms) SKFERENSE » H g —(@lF &1 7 LE 1R
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= —{EEBEIR YR - MPATA IR TSRS BT - fE5r EE I77A » F-{FTA]
IDNERES 234 SE] '@L{éﬂ’] uﬂﬁ)ﬁ&ﬁfyiﬁzﬁ%ﬁﬂ@emmeke etal., 2011)> B¢ 2 FH H A BY
BT ARG T —fiEE RAYF HERE 7 E A (B 7 A7A(Method of Optimal
Directions) (Engan, Aase & Husoy, 1999) ~ K-& $1H 53 f# % (K-SVD) (Aharon, Elad &
Bruckstein, 2006) ~ & & T %% (Stochastic Gradient Descent) (Bottou, 1998) k4 578
23775 (Online Dictionary Learning) (Mairal, Bach, Ponce & Sapiro, 2010) - S59NMEFHLEL S
A HF-FAHE ERRE E R —OF 50 - BRTSRE S AV S 7 =0 AT DA s By PR %
&4 0 0-FEE(0-Norm) H BAY 72 R UCH B Ht /s B A (Matching Pursuit, MP) (Mallat &
Zhang, 1993) ~ IEAZ UCHC B HEE B £ (Orthogonal Matching Pursuit, OMP) (Pati, Rezaiifar &
Krishnaprased, 1993) » i pifd 7 =0ER 2 7 i e T F v 72 B IR A A IR A2 FE AROR HURE R -
1-=EE(1-Norm) i RAY 2 BB i35 5K 74 (Basis Pursuit, BP) (Chen, Donoho & Saunders,
2001) DA R /N T R 4 185 15275 (LASSO) (Tibshirani, 1996) - [LhFIfeE J7724mF H AR R R
AR 8 WA R ROR G HA -

Ao 5 BRI A DR — g 7 A AR oy e i B AR v R Oy DUJE
B AR AR - FHRERZEFHEEIAN T EME - HEEAER AR
%Aﬂﬁﬂt_‘*‘ HHEAREMENE T RAR T > HAE BB 758 0 o b 2
;ILQEE%%?HYJ?¥ETTE$ MR ET 4R ASIT B ITE PSR ERSE R F & (8 IR TR B 4 1 4H
 HAS BE S0 oK Y B AR S E MV EE ZE AR - fEARm S > BM53 B T K-SVD
%%/HXEBE?EBLM&? AL EACVCEC B E RS » ARG EIRZ FEE & i SR sE R e
oy o S5—J71H > RS RS Ry & Ay IEME » BT AE MR R FIE& K-SVD ?KPEE%
R B 4w (Hoyer, 2004) 3 figg e 12 (18 s i - DAS 28 BhnE & PEal A (e b _AYREE
PEAN » BRATE SlRE - B ER 3 T A B — Lo S I R A R M R o &5 & > 40 - ﬁﬁ%?ﬂﬂﬁ”ﬁf?&iﬂ%
7£(Advanced Front-End, AFE)- % S84 1 #1{E % (Cepstral Mean and Variance Normalization,
CMVN) ~ 4zt E %A (Histogram Equalization, HEQ) » DIEGEE B L0 A M

2. AHERSTRR

TEREEHEsT Eﬁﬁfii;%%%ﬁﬁifﬁfgﬁﬂﬂlﬁ% 55— DAY 1 OB A s (M R
it (Model-based Technique) » 25 — 2 DL 35 5 15 30 5 2 W8 1Y 58 {2 M4 35§ (Feature-based
Technique) » 43 B MEAZ0T -

» DARE Y B BB s (@ M R tr =2 F /D E AR ER IR 7 8 i sE i i S SR 5T
Lﬁuﬁ*“ (oA B R BT DA DU B AR EE S VR I 28 %EJ fE IR A UT
BERYIETE » & AR A S A M DU 48 14 [B1EF A (Maximum Likelihood Linear Regression,
MLLR) ( Leggetter & Woodland, 1995) - £ KZE &% EH](Maximum a Posteriori, MAP)
(Gauvain & Lee, 1994) ~ SE{TEAI4E &7k (Parallel Model Combination, PMC) (Gales &
Young, 1996) ~ [a &2 &4 E(Vector Taylor Series, VTS) (Kim, Un & Kim, 1998) ~ #E445
B Em(Missing Feature Theory, MFT) (Van Segbroeck & Van Hamme, 2011) °

F o DEEE R AR SR (@ MR i BAE A SRR RIAYE ST > A FHEZFHY
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SEERTEETIE - IR ARV S R BB R G R RE S R A ERE S 2
BER LA (Feature Normalization) » th777% H BYFE IERLEE R EA S IV RHEUE S Hist
AR BRI EE S R R R E SO PR R T B AT RS2 8 0 BEJ7TA R RAVET
B FIFEE T {E 22 (Cepstral Mean Subtraction, CMS) (Viikki & Laurila, 1998) ~ & 5.8
F#I{E % (Cepstral Mean and Variance Normalization, CMVN) (Viikki, Bye & Laurila, 1998) ~
4r =t B % (b2 (Histogram Equalization, HEQ) (de la Torre et al., 2005) ~ {2585 15 {5 B
FEOFIR(b4E S B [ SFENRE 218K /2 (Cepstral Mean and Variance Normalization plus
Auto-regressive-moving Average Filtering, MVA) (Chen & Bilmes, 2007) °

s ESHIERLENR CEAREE S ERNARE T EEEE ST PRS- HEHR
A E R 2188 YT It H HSUERSR AT 2 A IR - et S A 2%
TEHE E AT A RSFRIRUR - IR T A G IRIB IR S IR AR S 25 A > FrAE D504
TEEIE EIRE HIRER -

BEAb » BUAGm SO FHRAHI BT 9T 2 58 & R B R (R M R lr GRIEE = » 2015) »
HEROSCHE T 2 EI R R AR o R A T I S AR A R MR © AR ER IR B AERE 7y
fiZZi£(Sparse Nonnegative Matrix Factorization, SNMF) (Hoyer, 2004)$1 % 5 JEE 25 f i F5 57
{BRIPRA] » & R B R R AE PR LI 56 S R R PR S R e A HE 04 -
BERAFIF MG ER 4RI HY U702 » I B AR ) BB L o R A MERIERY J77% - SAEHE
WFRREEE IR o B EETISRIEELS - BEF RS A 2R g TNV FEE B R
AR B S A 1R Y BB R AR R 5 50 B R B A8 B DU R B BRI oK
A ER MR REEE - DALE R ahll - HHEE el RER S UCHC M I S S (B R AV I
AR -

3. FBSFREIERUEIA

3.1 FHEHRE 2 EH N
HN BB EEEFYIxn]inE » HFESEGREROT -
X[kl = DFT(x[n]) = YN-tx[tle’ ™ +0<k< (1)
Hep o n Bk k7 B EIERS [ BLERSARR RS ] > DFT RyBaidi #E## iR (Discrete Fourier
Transform, DFT) > x[n](CRFE—4EEEFFHEEERETY > X[KAREFFHEEEF5x(n]
AYEREEAREE - (D) I HE S o] DB Z 19 s A s ) R e R R by & ah -
X [kIAHEE 5 o] 1 Ry — B A R A RE B sl 9t (E R U (Down-Sampled) 1% Y 5 22 51 5%
(HH ER SR BB R e 2 B AE HURE &) > DL %1 Bl Ry P 8 o o o (2005 ] P 91 2 3 28 M 5
(Modulation Spectrum) « FH=X(1) A%l - FEFHREX [k] 2 £ S ER BRI 5l x [n] 2 BUSEAH
ROEMERER)MERE o Fl - FTE—REE T BIERUER K 100 Hz » RIlf S s8R A
50 Hz -
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BECHN VEEWFRE TR AR - S8 7 SRS A EARR
ELbE R 2 S E R4 (Chen & Bilmes, 2007) © (i 8 50 2 (RSB IT(8Y 1Hz £
16Hz) B A 5B S W BT S A B UIRIR (% - V8 | B EeE R & - H - EERY
eI 4 Hzo HE2E15H 4 Hz 2 N\ E P Ry BURZ 885522 (Gales & Young, 1996) ;
HAEER R 4 Hz B ABORHS 28 R 2 B S S R (Kim et al., 1998) » 35
SR B BN HEE SRy g 2R EmA R - HNSER T gRE2
I - RHEERE PRSI IEREE DS S 2R THEN
%o K o FRAPTRT T 20 55 R AT ol RS 1 e 1 B TR LA M AR S B AT (o L (AR
B TR LAY G 2 S L AR 0 fE 5l oy | X (k] IR AE TR B > O ORfsr LA fir F R 88
O[k] = 2X[k]HYE ST - B2 BR 3 SR A SR S A o & B AR R AL B 45 6 RS S
7 EEfE A (Inverse Discrete Fourier Transform, IDFT)Z K AVzE S RS E 21 - 2530
SRR 98 S RES A SN IEARAL - (FRE S0 XU R A 3 A AR BRI R UCHC 2 fRE - &
H B & PR ARG A BB S R R A B G AU - DU N GG ol — Lk
RSB R R -

3.2 PSRRI TERI(L)A(Spectral Mean Normalization, SMN)
B & & R AR T S LB — B0 - B4R AT R P
=% Fs— (i B {H (Huang, Tu & Hung, 2009) :

|X[k]| = |X[k]| —Us T+ Uq 2)
FERQ@)H - X [K] B R AEHT B IRRE R R - e Fo B —FE A AV B SHEG 58 L Bl 7 2
YIME > uo R FTARISREE I SR S AR R R 5 S M T | X [k |(F 2 S i 4 i s A
AR -

3.3 &8 B 5k 2 b B 8 BB B I #H /b A (Spectral Mean and Variance
Normalization, SMVN)

b7 AR S SRR R R A oy 2 P E » th R IEAR B BEGRAESE » 2015) - RERIE

6 B2 8 P EE AR R L flr — 2y > SPHEERT - HESBIa 282 5

A BT DR FH 828 L TR -

X[K]|-us
|X1k]| = B 5y, 3)

Os

FEAG)F > puslilog By B —aE BT ERE SRR L Ry 2 I H BB R p,Blo, HFTH
SRS (I SRR R oY P B B S | K k] | (32 S B i 1 S B A S e 7 -

3.4 FEFELS T B biE(Spectral Histogram Equalization, SHE)
HI R MY (Nonlinear Transform) » 7R R EARRE R T pic 7 2 P E9 (B B8 R
TERME - SRS ) UG EE A 3 B RG 9a fE p B A B — (BRI A e B
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TEH L2 S FE Y Eh 7 (Viikki & Laurila, 1998) :
|X[k]| = Fr_e}(FX(lx[k]l)) (4)

@) T o Fx( ) Ry B — 5B Ay B 58 58 5 5l 5 [ 1Y 4% % 47 477 (Probability  Distribution
Function, PDF) » F, RIS FI A 7S ol GREE A1) 2 H8 S St 0 R TSk N 2B 1 o3 A - | X k]|
{2 HERT AR 1R Y A B SRR SR B

3.5 JrPRELER B ET IERETA

BEIT AR R R O SR B T IE R LA - BB RE A IR DA e e
PR HBHEE SR (B AL Ry 2 [F] — BBt i (Random  Variable)y A (Samples) - H i~ —{f
HEATIERERBI(E - (BB AT IR EIERE S PRk A FER SRR A A FRYE M
RIAR T LR B EA B E Y > [N Ryt 5 Y E &R RE P EAR Yy - NIE
HEHTR R ST 73 a2 THEL - F O R — (T SHEL VSR o8 (F T2
AR AR IR BT 7% > 1A T2 BE 4 0 S R {1 < S ) B AT (Ui B (Viiikkd et all,
1998) - [N Ry T (K ESR AV B T2 > Fr DAERARED o0 Y T PR B A AR > 1
PRERHVEE LRSS - S B SRRERP A AR - R SR E SRV EER
RIBEERE RIS - BUR SR IR HIERUEHIEOE - REEL A IERERY
TSR HIRBE -

4. T RN B AR )

4.1 FEBHEE

TR R AT AR E R T A o HAE BT RN I 8 5 i 2k 1 7 8
(Dictionary) » lC &5 4wt (Sparse Coding)PkisE H 5 8l 88 B [ T~ (Atoms) ; 3 H {H15
55 112 SR(Redundancy YHRER » 5 LASVEAR 21 7 2 (UL B LU R R (Tosic &
Frossard, 2011) o AH ¥ HAMh 4 07 ARy R fla 2 = E Bl 73 73 A% (Principal Component
Analysis ) ~ 43145 B 47 #7(Linear Discriminant Analysis) » 5= HEF X G HHPENEIDE
PHESAVFR M K2 FHEBERBERNZW T EEER R EENRE > DURBENE
PHEF - Frb T Sl E # e A s KN AE RIS - sSEPE R RER - BlatHE
FEFEIN S - ML TEAERFHE B IF &R ST 4Ry 7 B E M T AR
BRI a8 M BUEE S T I PR e - B - — RIS > P IER A v DU B & R R AR S
Sy Rk =REE BV TTE - SRR - HERERE K (Tosic & Frossard, 2011) (Wipf & Rao, 2004)
(Probabilistic Learning Methods) ~ [7] & 4 it i1 43 £ )% (Gersho & Gray, 1991) (Vector
Quantization or Clustering Methods) ~ Fi 7k 451 7% (Tosic & Frossard, 2011) (Particular
Construction Methods) B AR BLELE E(Wipf & Rao, 2004) » £%FIFEET H K23 %
(Sparse Bayesian Learning) 25 ik 5 B H A ek 8 DL 7 BUEEET R - (e RS RS o B ER
H£(Yaghoobi, Daudet & Davies, 2009) » f{FIFEE £ 51 [Elfm A(S 59505 - 7] DAE AR
BB [EH 2 BB i ¥ (Parametric Function){ 155 BLEL(EAL - [l (A B 4RH5ELTHE
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EBR T 44 K-SVD BLYMAharon et al., 2006) 475 Lebt 78 82 £ K-SVD &y
e m A ny e fE H H U AR s A i3 K-SVD 2 2 IE (Reconstruction Term)2-
REEHI IR A - EnEy - AT T4 R 11-K-SVD(Mukherjee, Basu & Seelamantula,
2016) » HIAREANE 2-EEE T/ (Over-smoothing) 1Y [ » HI77ARR T 12
T4 TR DU T UsOR RS » MEHIAT TR 4T BB S S B U A PR (Euclidean

Distance) °

4.2 K-SVD=FHEF*E
K-SVD B2 A2 ) Aharon FEHZ | (Aharon et al., 2006) » HARAALE 5 72 5] £ 4705
fif @ (Vector Quantization) D fz K-means i %A (Gersho & Gray, 1991) > BN EFEN
K-means (Generalized K-means);fi 5 - Aharon 57 Fy 4G R & v LISt B E 0 A 0
= #E B (0-Norm) Y[R il 1557 BUAE T DL [ A\ &L - gEMUREE A 2R &R - WE
W BE(G) |

minD'X{IlY — DX]|| i} subject to Vi - ||Xl- || 0 =To 5)

Hep Y BFIGESE - D HACEEI T - X R lAHH ERYREE IR - T —(EIFZHY
T - EREFRI GO AT IR ER R H(6) |

minp x YillX;ll , subject to ||Y — DX]| f, <e 6)
Hrel—{E4 EaV SRS A E -

£ K-SVD FHEE AR » T A8l K-means A EHrAY 7 HORMEE =(6) - £
MR AR bGP B > FAFT ] DUEE AT UCEC B Bie A D7 AT AE B AR X - 3l &8 0 =0
B PR - A B R A Ay A B X AT TT R (Element/{[E 8RN Sl AT, » #FEILIESAER X
i - BEE AT 7 B BTG B » TR JE DA B8R 77 (Column) [ & D; &y B4 JRECE 5 (Atom)
B RAEHT - BB FEFEH (Residual Matrix) By, > A120(7) » Ho i fy MEEE AR (Weight
Matrix)X fJ25 k Fll(Row) (A & ~ d, S5FBLAYES k 17 - E AEZREEEEIE DX D TEK
4HF - (Atom) 2 HEEE [m] & 1% Bidiy A {Z595% (Input Signal)Y HYZE -

E, =Y — (DX — dyx¥) @)

BERMEE T o ok THEE F AT ENREEER R 5 0 195 &MFEEN
BrEL HEHRAWTH(®) Hhx R s k 51 E E(Row vector) ; ix;{t
FEE B YA 1 1795 & (Column vector) °

o={1<i<N, x*@) #0}={ill <i<N,xk)+0} ®)

BENMAOESE  SEINIEEI TR PR EY T8 IR 2 A
(Restricted Residual Matrix) 45} B (i i1 25 B8 R 4 R BN EYY b 25— S BRI
SEREFRSEIN S AR RERERITTR Us SR ERMRMTIEA 44 B AR
KSRV BISERI IR T-(Atom) dy S 5SS — /2 4 B R By 5 TSRO SR
(Weight Vector) X* T L85 —(F4F BEEIE 4520 BE MRV » Ay - ViACE
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HHELE 1~ K-SVD LSRR x
PGSR

DO € R™K . 3 J=1-

1 ~ FEi4miESIE By (Sparse Coding Stage): A5 {1 MP ~ OMP FJs A K G,
fori=1,2,.......N
min,{lly; — Dxll3}  subject to llxlly < T,
2 ~ FHE P& E(Dictionary Update Stage):
®  EFRTH D NTHE ), - BEEAERHAYS A & X" ~ TR I
TERERITIMEESIESw, = ({1 < i< N,x*({@) # 0} ¢
o iu
E, =Y — (DX — d,x¥) »
®  EIEME A B IURE, TR BETIEE SR ROEREEY
TEFIF SVD Z3fi# KB = UAVT -
B de = uy
B = A1) vy
J=]+1
7 1~ 2 HEI

o BT ¢
update: d; = u,
X =01y ©)

SEREHY K-SVD {EVEUTEEE 1 Fk -

4.3 JEAK-SVDFHEEE L

JEE K-SVD FHERETAREMN K-SVD FEELEEEIFHEA MY - 5 B R [E —4HIHFTE X -
T8 K-SVD 5 E 450 BE A ity A\ DR R RS AR 5 HEIMAE K-SVD K g EE LA
S ST B I AT E B PRS]  Hr A Rk AR & NN-K-SVD  NN-K-SVD AT
{5ty L £~ B (Dictionary) L i 1 B8 FE e (Weight) B Ry TERY - Fit DUE 2235 09 6 7 G 55 Pl B
(Sparse Coding Stage)id » SKEFME B HY 7 A FH IE & Bih i 47 15 72 (Non-negative Sparse
Coding) (Hoyer, 2004) -
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HEE 2~ JFA K-SVD FHL R A
HarEEz:

/%\ di — {0 u;<0 , X(l) — { 0 v1(i)<0 R

u; otherwise 2 (l) otherwise

Hebu, ~ v RE  BEBSTRE SR - £ EFREL ARG RERE -
HEIK:

. Bk w 1y (O d()<0
(M <d = ;’x ’ & d@) = {d(i) otherwise
2 Loy = B L (i) = 0 x(i)<0
(2) ©ox= da'd ERAUAS x(i) otherwise

FEFEE K-SVD JEEVET » B2 J77A8 K-SVD A — - iR T e IR A By
PR > FATH AR EE(S) T — L35 - TMIER/ N PITAEIAIE A AR - gk
TRt TP ORE AT L RAYRE T(Atom) RSB HLERH > 415(1(10) °

min,|ly — Dx|| s.t. x>0 (10)

FEMG B P Bz (Sparse Coding Stage) » A5 I L 4lthe & HYFE & bt il A (NNSC) 2K
HURERE S #y 5 30 » SREETEEE x o [fI4E T B HUH f& Bz (Dictionary update stage) » F 1 {(£13/
Todi (Atom) ST &AL R IEE > ATIIAR T Z{E R IERYRE] - A5 DR -

mindk'xk”Ef" —dixk|| st dpxk =0 (11)

1T ST HE AR AR IE, R F SVD 43 ffbes RS e A g > FRPIBR A BRI BIE - 41
F—K SVD A /E A RERE S &R AIFEERCD - # MRE R ERENITER
(Element) NAZ AR B E - M AT BAIEF AR R E - FIAER ] REEE, B
fEiTdx’ » SEREIES K-SVD EHERIAERE 2 o -

4.4 ENEHTTE

4.4.1 UCECiEHE

UCECEHE(Matching Pursuit, MP) » J25 SLER 7RSS — & BoAfibi 4t (Sparse Coding )t » 3K
o B A (Weight) X (Y H RERE < HEUAME S R a2 AR - & ol A (5 5% (Input signal)
X LRJLERTH & (Residual) r - A& BH T A M EHBTTER & r IR R ARHIIR
T-(Atom) d;f% > RIITCERIAIE r BLEARRAAYIE T dAYNBREN( DR ABEREE o £ i
HEEAY ST

(af -7) (12)
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HRDE 3: IEECIEHEHERIAMP)
L g AEREE AR x ~ FHL D -
2. AR EEME o
3. HiFe#
Mingegnllx —Dallf  s.t lallp <L
4. VG B
a0 rUlEREE) < x
5. while |||, < L do
® JiEEATUER A& (Residual Vector)BHIBHAE R ARV T ©
........ pl(df - 1)l
® ETIUERIAE LU ERTRE EE (Weight)
aff] « ofi] + (df - 1)
rer—(dl-r)d;

{ « argmax;_,

6. end while

A& FRH A G SR v AN r ERAERE YR T d; BRI E o BRI AEN(13) AT
FIRYTCER AR r QLR T — AR AF R -
r=r—(d] -r)d; 13)

SEREUCECBHE BUAMIEEDE 3 4K -

4.4.2 TEXXUCECEHE
TE 3 UCH B H% (Orthogonal Matching Pursuit, OMP) - UCEL B A B 734 » TE AT UL
JBHEE(OMP) L &1 &R M 2R F IR IZ SRS B2 EXE R A R -
MEt B IEAC s B Y )72 By Gram-Schmidt [FAS{b5% » HPHE TR AEE 1 MAESE o 4
F(14) K (15)Ff7R
T (1= De(D: D)™ D" )x (14)
ar & (D" D) D' x (15)

4.4.3 FEEBFERR R A
I B B 415 (Non-Negative Sparse Coding, NNSC)ffy BE# 8 B 2 2 FAE A 5
iR 42 7 2 (Multiplicative Update Rules) GERESE » 2015) » EUH I Rty AKERE
e B TERY o SATT B TR A T e O SR I AE I L B IES - JE BRI e
T SRR (10 S 2 77 3% -
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HEDE 4 FFABIM A ARIENNSC)
H L
minA,S%IIX —AS|? + AZ S,
ij
PRAEIGRFAITN: V2 Xy ~A4;; =20 +5;; =20~ 1=0and
Viillagll =1 a; & A77/7E(column).
(1) WIHAPSEL: 2 AB B S I 55 B R IE WA ACEAS® > L o A JE[EEAYTT 1)
BHSHEALAE - WERIFESE =0 -
() REFREEME:
W ST A CGERE:
A" =AY — u(ALSt — X)(SH)T -
R EEHIRAEA FEEE R 0 B ERA TR RS R R -
I EAT = A" -
W E¥r S AEfE o 2 A IEAF i E(Multiplicative Update Rule):
St = 5tk (ATX)./(ATAS® + 1)
=t+1

. 1
mlnA'SE ”X - AS”Z + /1211 Sl]

PRAIRIE Ry Vi Xy ~ Ay 20~ S5 = 0and ¥z lag]| = 1 (16)

Hoo X Ryl AFERE © X~ S~ A RyR Bl B A ZEMEAVTT IR B2UR AR E - A B PR
BHA=0-

SRAFRFEMIe it eI E R R A BUERE S A e 0(10) » Eorp A 91T REZA R E
fiz[E & WEHFE2E =0 < EBBPIIEEEE R TOE RS A #1 S
[EER(16)FE I (Ef# - NNSC {RARUHEDE 4 FTR -

5. BEERES
5.1 FEERERHE

Aurora-2 SEBONE (S IR E (ETSI) Frédf THISHRE (Hirsch & Pearce, 2000) > LSS
ENHYRE B Rk B AR > N A2 MU S S8 H 0(Zero) E 9(Nine)R Oh 2535 % o3
SR A H2 0 S AR YRR > R/ A (R B 0l M A ST B I R AS [ R
SSUHE - i A S (P P B (S T & G (ITU) ARt Y G712 FlI MIRS = FRIEA[FIAYHE
AT R = (EDHIEAEE  Set A~ Set B Jz Set Ce Set A FREE 73 5l & A 1 T #8(Subway)
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A (Babble) ~ 755 (Car)F1JE B & 8 (Exhibition) Z PUFE fiIp M 4R EL G.712 JHIEE
Set B HYzE3% HI 47 Bl & 75 %8 B& (Restaurant) ~ £ 78 (Street) ~ f4%355 (Airport) f1 K B 15 (Train
Station)SE PUFE I MEHEEREL G712 AU ERIE 5 Set C 73 BIHIA T 3 T #(Subway) Edffy
7E (Street) T EHEL MIRS 38 55 25 o T P A EHIEEL(SNR) A 7 » £ clean~20dB -
15dB - 10dB ~ 5dB - 0dB #1-5dB - ifi H #&{t — & 3l &k 5 =X« 5205 15 5 9l 4 5 =0
(Clean-condition Training)Ei{& & &8l 4k {5 = (Multi-condition Training) o ASEFZEAYELRE
BB #E RIS BONEEE AT A st S 2 B SReE R A FIRYEE 4]
i A HIEREE C 1Y@ B B SREE R R [E] -

5.2 BEhEE

AR S B L B B T PR A A B R PG (A B (MFCO) U B SR B R 2 3 HUER R R
(Sampling Rate) % 8000Hz - 754 (Pre-Emphasis) 2 85wy 0.97 - {8 AV BT e #URy 2B
(Hamming Window) > ZHE ¥ (Frame Length)/g 25 ZF) - HHEMEH(Frame Shift) £ 10 2
o F—EEEAVREREER 13 g B ARGE | 25 12 8A% 04> ik
HEZ8s BN g =8atE - 3 39 2R E2 8 - R ERREMERIETTE - A5
FERR BRI - HSHE 13 4ERVAFRERT 2 i (Static Feature)fE{TRZHE - Ja B S plt{% 4 48
NPl Z BRI =R IA

5.3 PEERAERHE T

B AE AR AL U7 2R PR BB R R AH B (NIST) AT T I AV R FAL AR » AT IERERE
5 ) R B T B Y LR - B 02 AR IERESR(Word Accuracy Rate) 55+ » 515
T Tl L S ) ] o AL Y R e R R R R o ) B AR {E % (Substitutions) ~ 58] #8 A E #
(Insertions)FIZE/ R #(Deletions) :

N S I R AR

=0 2 =

s (R (%) YT X 100% (17)
A SWEEEE 2 JE - EEET RS YRR &S R OE NSRBI R - Kha i
ATEARLL clean BR-5 dB » FLiHERE 20dB 5] 0dB AT RER SR SRR
GERFFHUCESPIME - AR S 2 EVE R B R A I S R R AR T S B R4S R -

54 EREERER
Bt s A AN E A DA R EHRE REB(MF CO) P aZ okt I 6T s B R -
A S EEREE RAVR R PP IR BUER L - B ah B (88 REUE S BA
(CMVN) ~ &iat @ (b/AMEQ) ~ ETSI At £2 it Y # i Al I £ 4 (Advanced  Front-End
Standard, AFE) > DLREFITESRE SRS b HIRE SRV (E B8 BRI A (SMVN) -
38 > FES A EARER AR AT AP LU FRYIE R S A NME) 2 E (B2 —
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# 1. BETREEER
[Table 1. Recognition accuracy rates (%) averaged over different noise types and
different SNRs for several representative acoustic feature normalization methods.]

TR Set A Set B Set C Avg.
MFCC 54.87 48.87 63.95 54.29
SMVN 59.02 63.60 58.49 60.75
CMVN 75.93 76.76 76.82 76.44

HEQ 80.03 82.05 80.10 80.85
AFE 87.68 87.10 86.29 87.17
MFCC+NMF 67.09 70.98 68.22 68.87
CMVN+NMF 83.56 85.51 83.27 84.28
HEQ+NMF 83.84 85.88 83.70 84.63
AFE+NMF 87.74 87.65 86.32 87.42

(&l 58 Fs 0 B Bgi(Strong Baseline) » [FEIREHE 7T 774 F ATAE A BRI RAFP 511 - 40 NMF
GEESFELARRY MECC(ER i MECCHNMEF) ~ 454 CMVNGEf CMVN+NMF) - 454 HEQ(ED
it HEQ+NMF) DA K &t & AFE(GL{it AFE+NMF) » HEERGERUIZR 1 fr » & 1 BURHI%
HERHS - F—  EFULEHE THBEREIPE R B RE - HFHERENE T
B E YA TE R DB S R B R - RIEREA RO - 3R | AT AR
BRI FP YR U E R B - 41 CMVN > #IREA R RIS SR HES I ERESS(EL MFCC #E2
4] 20%) » AT FAESERE FAYIER LA SMVN BEZREEA MECC W AEFE T sk » (HiE
FHIREAIR K (EE MECC #2524 6%) » 15 A RF P HIRARRT - 55— HistEE
(BEFAERCRHES BN EERR 10 » WRESBSET oM A 82 T EAL

ELEGER DAL SR T HHHET & R RGBSR E LA RS
W 1 fr » HEQ bk CMVN % T4 4% #EXS « 55 = HHA1%4 ETSI AL FTH2tiy AFE
FHEGREA T ERLAMEEL - A RIFAIIEREGER - AT MFCC A 33%Hy#E2 » HAHEL
> HEQ ALY T%MH#ED - ff% » A [E Y] 71k 2 S AR Y 3 F & R b o i 5 50
REA ST TR T SR IERESR » £ MFCC AR ERE MR & f7 o] US55 %
HYHE (XY 14%) » 2 HYZAE CMVN RYFHESEE EALY 8% » #5552 HEQ RYFHE
BEEE AU 4% B/ DHES B AE AFE AUFRSAEE (4 0.3%AYEE) o FEAKLRE
Bt - NMF B EREEEUE 2 SERIFESE R GRIESE » 2015) -
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5.5 FAK-SVDFHER LN THEIRRL /7R
TEA/NEH » BATRAEEST T Ay K-SVD B2 VR A BT oy i~ BB - 7554
BHEE L EER N BRIV ZE 513 4 > AAmESMHE R - HirEs]/HE
AT LLECE FTE SR SRR I DL Rl - PR ARy B B R R E R FE 4 > BE
A B/ INETE B E B 5y 0 AR ST Y AR 43 BIRE By 5~ 10 K2 30 -
WMNEER B Em 2B R mE R nEs iy T T DR S E S (59% > #EILE
R EEASE - FHER AN E B R (ERS EE - 43 Bl SRPE B > DURORIEAFS EE - 723
G P B B ot 28 FH U8 & R R 2 B ) s SRR R D & Rl A BRI #  K-SVD &
BHER R PA RO SNV A RIS )P0 T DL R B2 R RE B AR P - T R BLPS BT - e
TR PFIFEETEME - HORRZ FIEE S T HLRHE o B T ARAEMIGAPE BT - g AMVE R
EAWRSEEIERE - A0 H DL—a)EE B B R B A5 51| SR s B By Al it Y RZ 5 o B C S A
BV A KIS T TEAIMEEE - fef% PR RIS RS ) Fir Y B P A2 B3 0 e ofe 1| R B 1 2058
S B R IR R SRR R AR -
#£2. fFAK-SVD LI MP FHEFEE K MFCC » CMVUN  HEQ - AFE &34

[Table 2. Recognition accuracy rates (%) for MFCC, CMVN, HEQ, and AFE
features for use in K-SVD integrated with MP method.]

TR Set A Set B Set C Avg.
MFCC+ Dict(5) 63.57 69.00 63.61 65.39
MFCC+ Dict (10) 62.82 68.61 61.50 64.31
MFCC+ Dict (30) 63.70 70.14 59.95 64.59
CMVN+ Dict (5) 82.40 84.23 83.10 83.24
CMVN+ Dict (10) 81.97 83.94 82.72 82.87
CMVN-+ Dict (30) 80.83 82.31 81.38 81.51
HEQ+ Dict (5) 81.73 84.50 82.58 82.94
HEQ-+ Dict (10) 79.96 82.82 80.85 81.21
HEQ+ Dict (30) 78.85 81.89 79.41 80.05
AFE+ Dict (5) 85.98 87.02 84.87 85.96
AFE+ Dict (10) 85.66 86.66 84.35 85.56
AFE+ Dict (30) 86.09 86.94 84.39 85.81

Agm AT Y K-SVD fEECHifEA FCKAFREERY /574 > — & MP > 55— OMP »
A HAEFAEA FRVEE SR L - 41 MFCC ~ CMVN ~ HEQ K AFE » EEREER I HIFIFER
2 KR 3 - WIRNEERHIAER > MTATURESETE - 55— th¥k 2 & 3 HYEERERIITILL
TFRIpR G SR TR 7 B R T BOE N 24 - S BBt IR RAVR N ATRE RN By 7 2
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HuzFehE e\t - B PRI SR - (AREF IR EE GG - ERE
AN - IR EZFVEE S R EOE S R B SR R o LA PR S R T R e R

0 SRS B I — L FEE S R T DMERR 2 R0 8 T i AR R R - 58
T B2k 3 AFE RN ZEAERE(S ~ 10 K 30)ATHRERAS R o AT LASEEL T HAERT 30
ELAEHERS 5 HFAUPEERIEST T 0.3% BN IIREMRA - FRVESZHIY AFE R
KR o B RS AR CEC A T IR AR o Uk B R RS Y 0 REEE T
AR IR FEE SR - 5= I DAERR 2 ~ 32 3 LhEt O M P LUK M P SKHUEEE ¥
TREEE WAV o T DASS TR BB H S B4ES 5 YL N (EH OMP SKEUHEEE MY
SR ER T HEQ R 0.42%AY IR IEREZRAN » HARFEIELEE MP BB R aB LT
4 o Y OMP KEUEER T /A E 8 RANFEFMVEE D& » [I7EAR DR T iElR
FREACKENIE EE S R BN - B ] DUIITRE S s iy 2 -
3. B K-SVD A7 OMP FREREE MFCC » CMVN + HEQ -+ AFE S/57%

[Table 3. Recognition accuracy rates (%) for MFCC, CMVN, HEQ, and AFE
features for use in K-SVD integrated with OMP method]

R Set A Set B Set C Avg.
MEFCC+ Dict(5) 65.82 71.00 65.33 67.38
MFCC+ Dict (10) 62.11 68.77 61.32 64.07
MFCC+ Dict (30) 62.02 67.10 59.78 62.97
CMVN-+ Dict (5) 83.65 85.74 84.06 84.48
CMVN-+ Dict (10) 79.54 83.95 82.67 82.05
CMVN-+ Dict (30) 83.28 85.34 83.59 84.07
HEQ+ Dict (5) 81.22 84.18 82.18 82.52
HEQ+ Dict (10) 79.11 82.29 79.99 80.47
HEQ+ Dict (30) 75.73 78.98 77.18 77.30
AFE+ Dict (5) 86.09 86.91 85.02 86.01
AFE+ Dict (10) 85.88 86.71 84.62 85.74
AFE+ Dict (30) 86.56 87.47 84.88 86.31

5.6 BENIERK-SVDFHE B AR H IR 1%

R AT B2 1 S B B AR o P 0 o MR R 5 - A R AR SR o HH PR B (B A A
ESREHIYIEE SR © 280 K-SVD LB ALEG) RIS BLRF - AR EIRY SVD Sk - i
i A By i S BT 2R (Blement) 3 (B & G A SEHT 0 B o — OF U0 A B B AT Al 5 1Y
F2iE 8 o HAEERRHVRIZIEE - Bl EA QB ok b A R AR P A R 2R 2
PRt AT RE S A R - IR RIS R AR - BB IER K-SVD FHLE TR
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e K-SVD 1£ 5 i A A B TR -

FEE K-SVD B K-SVD Hy7 Bk 7oK HUE B P FHEY 7R R AR A B IR &
Mgt dmtB s > JER K-SVD FE3KfE# H AR B I A E YR > A S0 81 DL s R ER Y
{5 FHAH & B A E RUARE R 7 L DL R R AR IR URIVEER & R IR g -
f§ ;% égﬁ#ﬁ K-SVD ZFEE frhi swtis KAEEE K MFCC » CMVN ~ HEQ ~ AFE

[Table 4. Recognition accuracy rates (%) for MFCC, CMVN, HEQ, and AFE
features for use in NN-KSVD integrated with NNSC method]

BT Set A Set B Set C Avg.
MFCC + Dict(5) 65.59 71.22 64.56 67.12
CMVN + Dict(5) 83.80 85.83 84.24 84.62
HEQ + Dict(5) 82.24 85.16 83.40 83.60
AFE + Dict(5) 87.50 88.27 86.84 87.54

HIRAER 2 AR 3 VBUHS S AR 4ETE By 5 B A RO MRS AS IR - P DAV NN B B
JEE K-SVD FHlEBEAME S E M A A EOE Ky S » BN IER K-SVD FHLAEERGER -
WTRT LABR & = (2585 - &4 > BASR 1 Ayl & A Rk IR B EE (4 : MFCC
CMVN - HEQ f AFE) » ZAf5[ ARYFES K-SVD i SRl sk iy sl s RN EL B B
By VO Re B PR A 8- MFCC HYBREREETT T 12.83%  CMVN HUMSRAIES T 8.18%
HEQ HYHFEARIET; T 2.75% ~ AFE HYHFERARIETT T 0.37% © 55— > ELiak 4 B15% 3 A6t
B EAERE S AN T > FAFIEE#EE K-SVD+OMP Bl NNK-SVD+NSC HyHFEEER » 34357
BT MFCC [#({K T 0.26%LL41 » CMVN ~ HEQ LUK AFE =FEA [ERAEIHY SR - B
FIEE K-SVD 8 {BE > Hrh CMVN {27 T 0.14% ~ HEQ #8711 1.08%  AFE 271 I
1.53% - L AR @ &% S SRR I A TR ARYIREITE - B HRRECRAY T
EAREBN - = MR ERMALE - EEEIERE 4 LUkR 1 ) MFCCHNMF -
CMVN+NMF + HEQ+NMF  AFE+CNMF » & LLE41 NMF 2 —(E{R A Foyiiess i - E
ARG LTt FHHYIE & K-SVD 128 ARFE0R CMVN DU AFE I > MHE NMF 574
£ CMVN 8 AFE 73511 0.34%LL K 0.12%HHFAE 3 o i f% > HHEE— BRI AE « 7%
RIS - S ERR VA DR M B AR S D AJE R VIR AR - S B (FAE SRS A E B
HRIMEMEAY > AR B SR S T AL IR S AVIRBIFROE T H RS R
{EFS IR -

6. &EEmELRAKEE
AR T MR AE R ERE S R R B, - R 2 SRR o A RES
AL R (MR EL R R o 2 B P SRR RSB R YA TR M A 1T B EE

SETENERT H Y - ASw S T R BB 50k - TR R K-SVD FHUEEE L
EFAT R DAREA R S B BB 2 - (84 7 HAVHER WSR2 A WHARYiE Tt - |
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b R R B (A 5 ST ) B B )2 A S e 4y - L - 55 RS (E IR Y K-SVD S i ER
Bk OTFEEIEERIRGT - P T e S a a8 B BIEEAVIES -
HARAMEIR (] K-SVD A A FTE A PSR R EEVE (F L
FERSERE BRI IT L -

FEARARE LA T - P9 el (e i ¥ MR FORFIaRE S At (HHR
{5 K-SVD JEEUAR R FARFEE R REA > B AR I S (o8 A 4 b S ER R 7 TR AR R
T A REHNIRERE T HAYIEORIE o PPt S RE B R SR B
AT IR T » IO AR B RR H EREAEE TR E KRB FHEE f
HLEJEREISEL - 5951 > WFIth A ERe B PR HEE A JE & K-SVD JEEUAR - iEpEE 5 Bt
sl SR AT R BRI © SR AERAE > PeAMI7 S RE 15 1B 5 5% 73 B (Source  Separation)
(Gemmeke et al., 201 1)y J7 BRI T A VCBCAY R - 40 0E— A EE R AE 1S 2l
7

SEZ B Reference

Aharon, M., Elad, M. & Bruckstein, A. M. (2006). The KSVD: An algorithm for designing of
overcomplete dictionaries for sparse representations. IEEE Transactions on Signal
Processing, 54, 4311-4322.

Bottou, L. (1998). Online algorithms and stochastic approximations. In D. Saad (Eds.), Online
Learning and Neural Networks. Cambridge, UK: Cambridge University Press.

Chen, C. P. & Bilmes, J. A. (2007). MVA processing of speech features. IEEE Transactions
on Audio Speech and Language Processing, 15(1), 257-270.

Chen, S. S., Donoho, D. L. & Saunders, M. A. (2001). Atomic decomposition by basis pursuit.
SIAM review, 43(1), 129-159.

de la Torre, A., Peinado, A.M., Segura, J. C., Perez-Cordoba, J. L., Benitez, M. C. & Rubio, A.
J. (2005). Histogram equalization of speech representation for robust speech recognition.
IEEE Transactions on Speech and Audio Processing, 13(3), 355-366.

Engan, K., Aase, S. O. & Husoy, J. H. (1999). Method of optimal directions for frame design.
In Proc. of IEEE International Conference of Acoustic, Speech, and Signal Processing,
5, 2443-2446.

Gales, M. J. F. & Young, S. J. (1996). Robust continuous speech recognition using parallel
model combination. IEEE Transactions on Speech and Audio Processing, 4(5), 352-359.

Gauvain, J.-L. & Lee, C.-H. (1994). Maximum a posteriori estimation for multivariate
Gaussian mixture observations of Markov chains. IEEE Transactions on Speech and
Audio Processing, 2(2), 291-298.

Gemmeke, J. F., Viratnen, T. & Hurmalainen, A. (2011). Exemplar-based sparse

representations for noise robust automatic speech recognition. IEEE Transactions on
Audio, Speech and Language Processing, 19(7), 2067-2080.



52 BRI FE

Gersho, A. & Gray, R. M. (1991). Vector qusntization and signal compression. Norwell, MA:
Kluwer Academic.

He, Y., Sun, G. & Han, J. (2015). Spectrum enhancement with sparse coding for robust speech
recognition. Journal of Digital Signal Processing, 43, 59-70.
Hirsch, H. G. & Pearce, D. (2000). The AURORA experimental framework for the

performance evaluations of speech recognition systems under noisy conditions. In Proc.
of ISCA ITRW ASR 2000, 181-188.

Hoyer, P. O. (2004). Non-negative matrix factorization with sparseness constraints. Journal of
machine learning research, 5, 1457-1469.
Huang, S. Y., Tu, W. H. & Hung, J. W. (2009). A study of sub-band modulation spectrum

compensation for robust speech recognition. In Proceeding of ROCLING
XXI:Conference on Computational Linguistics and Speech Processing, 39-52.

Kim, D. Y., Un, C. K. & Kim, N. S. (1998). Speech recognition in noisy environments using
first-order vector Taylor series. Speech Communication, 24(1), 39-49.

Leggetter , C.J. & Woodland, P.C. (1995). Maximum likelihood linear regression for speaker
adaptation of continuous density HMMs. Computer Speech Language, 9(2), 171-185.

Li, J., Deng, L., Gong, Y. & Haeb-Umbach, R. (2014). An overview of noise-robust automatic
speech recognition. IEEE/ACM Transactions on Audio, Speech and Language
Processing, 22(4), 745-7717.

Lu, C., Shi, J. & Jia, J. (2013). Online robust dictionary learning. In Proc. of IEEE Conference
on Computer Vision and Pattern Recognition (CVPR2013), 415-422.

Mairal, J., Bach, F., Ponce, J. & Sapiro, G. (2010). Online learning for matrix factorization
and sparse coding. Journal of Machine Learning Research, 11, 19-60.

Mallat, S. & Zhang, Z. (1993). Matching pursuits with time-frequency dictionaries. |IEEE
Transactions on signal processing, 41(12), 3397-3415.

Mukherjee, S., Basu, R. & Seelamantula, C. S. (2016). £ 1-K-SVD: A robust dictionary
learning algorithm with simultaneous update. Signal Processing, 123, 42-52.

Pati, Y. C., Rezaiifar, R. & Krishnaprasad, P. S. (1993). Orthogonal matching pursuit:
Recursive function approximation with applications to wavelet decomposition. In
Proceedings of Conference Record of The Twenty-Seventh Asilomar Conference on
Signals, Systems and Computers.

Tabrikian, J., Fostck, G. S. &Messer, H. (1999). Detection of environmental mismatch in a
shallow water waveguide. IEEE Transactions on Signal Processing, 47(8), 2181-2190.

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. Journal of the Royal
Statistical Society. Series B (Methodological), 58(1), 267-288.

Tosic, I. & Frossard, P. (2011). Dictionary learning. IEEE Signal Processing Magazine, 28(2),
27-38.



[/ LR B LT (2 A sk 53

Van Segbroeck, M. & Van Hamme, H. (2011). Advances in missing feature techniques for
robust large-vocabulary continuous speech recognition. IEEE Transactions on Audio,
Speech and Language Processing, 19(1), 123-137.

Viikki, O., Bye, D. & Laurila, K. (1998). A recursive feature vector normalization approach
for robust speech recognition in noise. In Proc. of ICASSP, 733-736.

Viikki, O. & Laurila, K. (1998). Cepstral domain segmental feature vector normalization for
noise robust speech recognition. Speech Communication, 25(1-3), 133-147

Wipf, D. P. & Rao, B. D. (2004). Sparse Bayesian learning for basis selection. |IEEE
Transactions on Signal Processing, 52(8), 2153-2164.

Yaghoobi, M., Daudet, L. & Davies, M. E. (2009). Parametric dictionary design for sparse
coding. IEEE Transactions on Signal Processing, 57(12), 4800-4810.
R REZE(2015) - ABHE B IBB R BEEEFT PR (E Lm0 - IE
http://etds.lib.ntnu.edu.tw/cgi-bin/gs32/gsweb.cgi/ccd=rs0dbQ/record?r1=1&h1=0
[Chang, T.-H. (2015). Several Refinements of Modulation Spectrum Factorization for
Robust Speech Recognition (Master’s thesis). Retrieved from
http://etds.lib.ntnu.edu.tw/cgi-bin/gs32/gsweb.cgi/ccd=rs0dbQ/record?r1=1&h1=0]



54



