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Performance Improvement in the Multi-Model Based Speech Recognizer for
Continuous Noisy Speech Recognition

3 g Fo
Yongjoo Chung

ABSTRACT

Recently, the multi-model based speech recognizer has been used quite successfully for
noisy speech recognition. For the selection of the reference HMM (hidden Markov model)
which best matches the noise type and SNR (signal to noise ratio) of the input testing speech,
the estimation of the SNR value using the VAD (voice activity detection) algorithm and the
classification of the noise type based on the GMM (Gaussian mixture model) have been done
separately in the multi-model framework. As the SNR estimation process is vulnerable to
errors, we propose an efficient method which can classify simultaneously the SNR values and
noise types. The KL (Kullback-Leibler) distance between the single Gaussian distributions for
the noise signal during the training and testing is utilized for the classification. The recognition
experiments have been done on the Aurora 2 database showing the usefulness of the model
compensation method in the multi-model based speech recognizer. We could also see that
further performance improvement was achievable by combining the probability density function
of the MCT (multi-condition training) with that of the reference HMM compensated by the
D-JA (data-driven Jacobian adaptation) in the multi-model based speech recognizer.

Keywords: Noisy speech recognition, Hidden Markov model, model compensation,
multi-model based speech recognizer
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A tH(Gales, 1993; Moreno, 1996; Hung, 2001).
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2.3.2 Data-driven Jacobian adaptation (D-JA)

Data-driven JA (D-JA) 2ol A= JACA 75 HMMS 224 S o] &ato] A& ofil
o &8 E o83l AH FaEstE= whalo] AuE ), EE D-JA W 2 o] A = Jacobian =]
= 271 918ke] Baum-Welch @i 5ol 71ukgh 40245 AHE-SFal T

E{X}=—F— 9)

A7 4, (k) AAER SHNE X, 7k HMMe el jo EFEE kol elalA @A
4 F82 oushy T S4uEe] QoS etk H©e 4@ ddstn 7F HMMS
Bt bl g et 2ol A2 & g
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3. 4% 47
2 Gl A= Aurora 2 Hle|H o] 2~& o] §3lo] EFoA Ay oy 71X A2 A =8
of W 245 WMskE vl HE stk Aurora 2 Blo]El#lo] o] Q14& A F set2 set A
(FHAHo dHZ 4 el B2 (subway, babble, car, exhibition) &4 2 o]Fo1F) set B
o
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a3 set C(R7HS ol E AHFA 35 283 1 /M9 483 F3(subwayM)S/3 7 1 7N
o] wE] &HAA 2 FH(streetM) o2 o] Fol)&E o] Fo|x] Yt FHE A Aurora
2 dlo]EjHo] 2ol := clean training ¥ multi trainingS Y3 THE Holgr} WE Ay =, &
3], multi training THE Hlo]EHE o] &3t 42 MCT(multi-condition training)&} F2t}. 9]
9} thH])3}te] clean training= ©] &% A $+= &% CCT(clean-condition training)g} F27]% 3}71
th gk, o mE 7)Ek o QIAAIA'E Y] YA E 4 SNR B FSEREE VE
HMMS "wtEo] Fojof &l o2 98]4 &= Aurora 2 Ho]EjHlo] 2o A A Fsl= Fe&SA9AA
A ZROME o] &35t FUHAY AN EE AL

-8 Aurora projectoll A #| &3+ DSR front-end 2.0 Bl A S AL-g3}o]
3 Ae 159 delta, acceleration AlGE F 83 39212 EA W E
oA Ak A% A RAHS A AREE HMMS] %% Aurora 2 Hlo]E o]
H S (Pearce, 2000), A g A2 A7 & AHE 319

[e] Ry
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A3} car(%) babble(%6) exhibition(%) subway(%)
HrEge KL |GMM | KL |[GMM | KL |GMM | KL | GMMm
car 98.3 99.2 1.7 0.8 0.0 0.0 0.0 0.0
babble 1.9 0.4 98.1 99.6 0.0 0.0 0.0 0.0
exhibition 0.0 0.1 0.1 0.0 99.8 99.9 0.1 0.0
subway 0.0 0.0 0.0 0.0 0.1 0.3 99.9 99.7

<E 2> = set A Eﬂ S=E) EHOH A CCT, MCT, PMC(parallel model combination), Multi-
model(JA), Multi-model(D-JA), Multi-model(Base) 5< % &3 <1243 7} Yy 9ok Multi-
model(JA) = ©F md 7k Lzo] SlAA e A] JAS B3] Bd BAS & Ao oushy,
Multi-model(D-JA)E D-JAZ E3] 249 ®AS 39, Multi-model(Base): tF 24l 7|0k L% 9]
AAA|2=glo| A Rl H g 28314 b A5 Torh <3 2> AR5 T34 sEe v =
A7kl P25 7HRl A7) Ee] ANH o R =2 A%s HYS & 4 9tk Multi-model(Base)
o] Aol 71&0 Bd HA Baog Wol AFEEHE PMC 2ol HlaiA wollA @ F(word
error rate)E 50% HAAIZIE Aoz yukwkth 3 o B9 7wk 3o QA7) FoAk
Multi-model(Base) ] 7 -¢-7} 52 91 Multi-model(JA)Y Multi-model(D-JA) H]
A o358 T S BHYS & 5 AUtk ol AL set A9 AFolE FTHAAZE FaA oln

Heol TR7F LA ddernz QA FEA ol 5o Aolol o HMM sebn| g ghe] ¥
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o7} Akl oAl BB WAl g g3rt gl7] WEelrlE she ghHoE 5o AIHH
o7 A& Wt HAHAA, Bl HAS d FE5E FS5Ase Hugel 98 FeSAdel At
of 24 Y Fealse A8 EAS & YA Xt ol& AR 3 EE 2
A eFzke]l 9 R/I7F HAEY] wWiEel Ao gietHt) A MCT WA % g 2 QA5 E 1
A & F U, TEHHRAGANA G F5dS Xste] A7 Aol wlg- = A
o2 AR IH 7= <F 2>o]A4 Multi-model(D-JA)2] 4ol SNR 3 #FS9 £/H=
F43A & g dEd Afe gEiAE JdAAEHS st e, AtE WAS o] g3l F
Ak A9 AY A 5Y Aot eS & T AU EZ 7]EY VADE o] &3 SNR # F
A GMM 7|19e] ZEFFE FASE FAol o JAAAHANAME Ate T2 A5
2ol 7 A9l 9SS & 5 UATE o= HIFE SNR # FAHoIU F2FFo FAHAA 2F{F7F i
HASH = D-JA Wae Bl BAS FalA S35 Bl 7] uitolgt Aztdc)
3 2. Set A dlolE] thaiA] thkst mal mab wAlS 2838 A3 (Word accuracy(%)).
set A
el g Ak subway babble car exhibition ot
CcCcT 69.34 49.41 55.89 62.70 59.34
PMC 81.02 80.66 75.23 80.28 79.30
MCT 86.27 87.74 85.01 86.63 86.41
Multi-model(Base) 91.28 87.06 90.79 91.91 90.23
Multi-model(JA) 86.25 83.77 83.15 83.06 84.06
Multi-model(D-JA) 90.52 85.26 91.16 91.10 89.51
<E A= fe 2 1A A st A3E Aurora 2 dlolEwlo] A~ AN A& A}
& Yehdoh H 4 &S #EdE 04xA+04+B+0.2+CZ YER AT
% 3. Aurora 2 Hlo|Ejs|o] = AA tffA] thokst md wAl A8 X838 A3 (Word accuracy(%)).
set A set B set C it
SR
CcCT 59.34 55.17 67.53 59.31
PMC 79.30 81.18 78.02 79.79
MCT 86.41 86.78 83.78 86.03
Multi-model(Base) 90.26 85.15 87.92 87.74
Multi-model(JA) 84.06 84.32 86.90 84.73
Multi-model(D-JA) 89.51 86.73 89.21 88.33
<E 2>9 Aol A AR B3 ATo] set BE set Coll A% YEh}E Ao R HolA
v set Be set CY A%olE Multi-model(D-JA)7F 7F8 953 A5 S BeS & & gt}
)AL set AdA= T TRV TAHIAAA nlg] g Edrde] gyl HE gIAARE
set B9} set C9] 484 EAAAA 18] & 4 §lonz Bd Bigo] g8 W3t o=
Heltt
o AT A e tF B 7k 2] Q1479 gEe] MCT £H9 Aot 493
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fcombme (X) = af]\f[ulti(Df JA) (X) + (1 - a)f]l/[CT(X) (11)

9] Aurora 2 Hl°]

o

<E 4>oll= A10)9] o Fe] WEe] mE A EHUE s A A
Efullo] 2o thdk Q1A &<l e 3

¥ 4. Aurora 2 Helg o] AA] tialr A FELE I-E H LS Fo A
(Word accuracy(%)).

set A set B set C At
a=0.3 90.26 88.71 88.92 89.37
a=0.4 90.32 88.65 88.99 89.38
a=0.5 90.33 88.58 89.04 89.37
a=0.6 90.30 88.51 89.10 89.34
a=0.7 90.30 88.40 89.12 89.30

<HE 4>0 AFoM o gl A MEZo s Bpsla Qi Te AR 5ES Ko Fu
Pon, 3 <F 3>9 Ao} vus] 2 EUETTFE 2 2] Multi-model(D-JA) <}
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2 AFoMe o 2 78k 729 Q14 7]E Aurora 2 Hlo|EH[o]Z0) tidte] A &3ste] AL
Feadel dad A4d5e F4E Hatsien 78 AFelA AHEstel VAD 7]9ke] SNR
¥ GMM 49 537 7 A taledl KL distance 7]8be] SNR¥%} 537 &A1 27
A AQkasith Ak WA Wlawd I o] kst SNR FHA &5 T WAE
A= Aol Aer, A& FF] EF AvolME 7€ WA H=d Aes vEde &
QAT BEF v mEl 7Rk Fx20] Q1A 7|o] A D-JA WA o] RERAgS 83 HMMO SEUE
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