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Consideration on Age- and Gender-independent Speech Recognition

using DNN-HMM
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Abstract: We have studied syllable-based acoustic modeling for Japanese speech recognition. In this paper,
we first investigate the performance of recognition accuracy using phoneme/syllable-based DNN-HMM. The
results show that there’s no significant difference between phoneme/syllable-based DNN-HMM. Second, we
investigate the age- and gender-independent speech recognition using DNN-HMM. We use three types of
corpora(adult, elder, child), and each corpus contains male and female speech data. In general, speaker-
independent system cannot handle the specific information of speakers, and the recognition performance of

speaker independent model is lower that of speaker dependent model. Our experimental results show
that one DNN-HMM trained by all corpora with a class-dependent feature normalization method achieves
better performance compared to class-dependent DNN-HMMSs. Finally, we investigate the incorporation of
information on corpora into DNN.
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Fig. 1 Structure of left-context dependent syllable and tied 3
state syllable.
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Table 1 Training data for Adult, Elder, and Child

ASJ+JINAS

P S E2a

Flip 18-59 18-59

AR 184 187

FEt 20,337 (~33h) 25056 (~44h)

S-JNAS

P S L8

i 60-90 60-90

B 145 143

FERRRX 24,081 (=253h) 24,061 (~253h)
CIAIR-VCV

P S L8

i 6-12 6-12

AR 151 150

FAE | 7538(+3393,~11h) | 7744(+3910,~11h)

3 [5], [11], [12], [13], [14]. # Z T, DNN-HMM 2 & % K
HEFEGHEAMIOVTE ZheRard 5. £ - M
FEEIF DR HE TR AT L% HET 5720, 3
DOEME (BN T/ N) LM (B ) Zeic
T—RR=ZAEHABL, TNWEN6 7 TABLTINS %
12012F D1 77 AL TFE L RBFEME1T - 72,

FERIZFHAWZ 32— 2%, R LITRT. 8T — XIEH
i, A2 T RIXEMELH 33 IR, =MEaY 44 BERE, T4t
75 ZAFEMAEE B 11 B, BN S ZBMELM
LEHIZH 53K TH B, TN TIIR A B M A-M,
AL A-F, FHEBMIE C-M, FHitix C-F, ZA
B E-M, BALEILEF &&T.

A DT — Z121E AST+HINAS 3 — 38 Z [15] 2 HW»
5., REHEOFERERA LT X100 X FENT VR
X 50 XMoo INTH Y, FHEIZ 18NS 59 EET
DB 184 %4, M 18T £ THB. FHHO T —RIZIF,
CIAIR-VCV I — /%R [16] WS, KEL 3203V T
VYDSHERINTE D, AR FTREINS 40 BiEL
21 HHOMT, B~ v FED ODLDFMA EIF 30
XTH5. shifild 605 120 BM 145 44, M 143
#TH5H. BAHOT— ZITIFAAREREHF A LT 32—
A JNAS DEAHTH 5 S-JNAS a— "2 [17) 2 W5
i B R &Liﬁmmitain7/zi5oi#b%
I TED, FHEIL60 A S 90 E TOHRME 151 44,
1504 THS.
FAPTF—=RIE, ®R25ALH 100X TH5. KiFHIT
FNFH AM: 23 A, AF:23 A, EM: 10 A, EF: 10 A,
CM: 7 AN, CF8 ATHB. FHHI—NRIEBHITEGE
DA LT Xh BRI NTWED, ERTHVWTWSS
FEETNVIIFHEEE,LSEH L TCVWS. 20720, Tt
FADT AT —RIIRHZERIT 4% TH 5. KA, BN
75 ADERFERIZZNTN 0.5%, 21%TH 5.
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K3 M=V IT—RDENINT DAL LY T ADRHKEEDZEAL (# 32 mixtures,
layer=5)
Table 3 Word recognition accuracy using various training data
2hFE (A+E 2HREE (A+E+C
NN %8 (A+E) \ K¥ (A+E+C)
AM AF EM EF | Ave.(A) Ave.(A+E) | AM AF EM EF | Ave.(A) Ave.(A+E)
CI 95.0 95.7 932 94.3 95.4 94.6 94.3 954 927 95.2 94.9 94.4
TC3 94.2 94.8 927 93.8 94.5 94.0 949 959 926 93.2 95.4 94.2

R 2 ASJ+INASITH T 2 BFETIMKEE (# 32 mixtures, layer=5)
Table 2 Word recognition accuracy on ASJ+JNAS

ey e T

DNN-HMM
AM AF | Ave. | AM AF | Ave.
BEES CI 94.8  94.7 | 948 | 94.2 955 | 94.8
CD | 95.8 95.6 | 95.7 | 95.5 95.9 | 95.7
& fHfi CI 95.3 959 | 95.6 | 95.7 96.2 | 95.9
TC3 | 941 948 | 945 | 941 95.2 | 94.7
CD | 927 933 | 93.0 | 93.5 934 | 934

4.1.2 BHENRSA—FEBEETI
(a) GMM-HMM

GMM-HMM @ 2232 W 7= K 1k, 12 kot MFCC,
AMFCC, AAMFCC 8 XU A X7 —, AANT—Ti
38RTTHD. ZIT, % MFCC IZFiEZ 212 CMN #
ToTW3.

2 5 2D EH GMM-HMM 1%, HEHi¥EAID left-to-right
BT, &£ HMM X 4 REE DA 2FD, S04 32

BEORMAENRERD A r oS, /2, 177 AETIL
X128 AL LTWA, 116 FHida > 5 F A by HMM

BB U, 3T F A MKIFE HMM(116 x 8 = 928 f#
¥) 2 MAPHERIZR D ZEHE LA, THHI—RADEH
T—RIZIETRTOEH P EENTWARWED, ETIVFE
BHOHIANT A — R DHEEIZIALZHER I — 2% AWT
U7z,

2 I AEDFHEFR GMM-HMM 1%, FR¥N; D left-to-right
BT, £ HMM X 3 REH DDA E2 D, RELCEES
HIEEH GMM-HMM LRI TH 5. TDH, PERITE
O AREEILAE % 17\ triphone GMM-HMM % /ER L 7z,

BB, ETINOFEIZIE HTK Toolkit[18] % f#FH L 7.
(b) DNN-HMM
DNN-HMM D221, FiFE e UT7 L — A% 10ms
T2 125t MFCC, AMFCC, AAMFCC $ X U877 —,
ANRT—, AANRT—, G 39 ot &AW (87 —% v

TW572%, GMM-HMM & b 1I7t% V). AJI7 L —2A
i1l el, FHT—RDOTIA AV MNIR—ATA ¥
£72%5 GMM-HMM T7 ZA4 AV bk o7z

4.1.3 739 GMM

25 ANHDIHIZHAVSE GMM 1F, 4.1.2(a) £F UL
12 &5t MFCC, A MFCC, AA MFCC, A X7 —, AA
NI —=2HWCEE L. £7-, BAKS 0WHET VD
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Table 4 Accuracy of classification into six-classes depending

FEEMIRE 6 7 5

on age and gender using 50/all frames

input output (50 / all frames)

AM AF EM EF CM CF
AM | 84/90 2/1  12/9  0/0  2/0  0/0
AF | 0/0 83/96 0/0  13/4 1/0  2/0
EM | 19/22 32/0 45/78 4/0  0/0  0/0
EF | 30/0 30/17 7/5 29/78 1/0  3/0
cM | 2/0 82 o0/0  1/1  72/92 17/5
CF | 0/0  8/1 10 2/0  31/14 58/85

PERIZIZA 2 9 AL H 10000 KFHEDOAZMHAL, BN
GMM OEABIL 128 REL LT
4.1.4 EBETNL

SEBETILOFH I, BHHEOHEDSH 1991 41
APPSO 199449 HETD 45 r AB XU 1995 4 1 A5
199746 HETD 30 » A43, 75 r A &AL .
Hl UTHFE T — RO CTHBBEE D W EA7 20,000
ZMIHL, tri-gram SEETNLVEFEELEZ. 1y A TIE
FTRTITHY, N IZXT7OFHEITIEY 1+ v TV RIViE
EHWTCEE L.
4.1.5 F7aA—%4

GMM-HMM (2 & % KGEH L& A R0 7 3 — K
i, HARGEE T A R A T & SPOJUS+4(SPOken
Japanese Understanding System)[19] Z, DNN-HMM ®
T a—=&Zi%, WFST ki SPOJUS % 7=,

éﬁ

Eii
CI=1

4.2 BRBIUVBHETIICL 2RFREOEL

TR L EHi AL T DNN-HMM ZER L, BRABRZ
DEFRBERET 72, HERBKELZER 2 TR
3. &% (CI, CD) & Z 1% 7 monophone (12 ="»
~#:43 x 3 = 129), triphone(Hii = + %3 AM:2000,

AF:2500), #Fffi (CI, TC3, CD) iZZhEFnh 3> FF A b
WAL E, 2 3 REBOKY, LAV TFAMRFELT .

GHiBM TET MR IT > 258, IV TFF A MINT
EFIVAL#4T > 72 DNN-HMM OZHEEN LTV T F A
MEfFZE LR B8R 272, ZhiE, ALHW 11 7L —
LOWMETHY, aVTFAMERE TR Z B Z A
TERZl, 1HAZ=Y N YD OFE T — X OB
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Table 5 Word recognition accuracy using different normalization method

class model AM AF EM EF CM CF | Ave

6 class_each GMM(CD) 93.5 94.6 894 934 747 782 | 873

6 class_each DNN(TC3, layer=5) | 94.1 94.8 928 944 78.7 80.7 | 89.3

1 class_all DNN(TC3, layer=5) | 94.9 959 926 93.2 772 78.8 | 88.8

1 class_all (IE#ULMEL) | DNN(TC3, layer=5) | 94.4 958 928 931 758 78.3 | 88.4

1 class_each (T:IEHILR; 2 5 ZBEAT)

1 class_each™ DNN(TC3, layer=5) | 95.2 95.6 93.0 95.0 784 79.9 | 89.5

1 class_each (50 frames) | DNN(TC3, layer=5) | 95.1 954 929 93.6 786 79.1 | 89.1

1 class_each (all frames) | DNN(TC3, layer=5) | 95.2 959 92.3 94.6 79.5 80.2 | 89.6

Pre-Training 5 Y DNN-HMM
1 class_all | DNN(TC3, layer=5) | 95.1 95.7 934 944 757 789 | 888
R 6 77 ANWE AL BEOHRGERNE L
Table 6 Word recognition accuracy on additional class unit

class model Bl fEkE  B2M  toft | AM AF EM EF CM CF | Ave.
1 class_all (all frames) | DNN (TC3, layer=5) 1 0 942 959 91.8 924 79.6 80.3 | 89.0
1 class_all (all frames) | DNN (TC3, layer=5) 1 0.5 0 93.1 959 89.6 88.7 558 39.7 | 77.1
1 class_all (all frames) | DNN (TC3, layer=5) 0.7 0.3 0 95.2 959 920 93.7 796 80.2 | 894

Dl-HrEZONSE. T2, FALEZT—XPRABLZOD
Bith, 77 ZAPNTETNEEBE UGS (25 ZAEITEY
0, PELIZERML, 7T ABH) L2000 5 A% %L d
T12DETNEFHUZGEATIE, FERERGIEE
RERBEVIRSNT, FHRMTETIULET - 258,
75 ZHNFE & AR B TS E TR 0.3% D E %
f37-. %7z, triphone EFI)N & IV FF A NI EHET
VZIFIFELWEEERLZ.

WIZ, S-JNAS 8 & O CIAIR-VCV 2 —82% H\\T 6
TIAERNRIZN ==V I TF =R P L, HHIHEADOT
TV VI FEIZDOWTE SIZEREIT 572, AST+INAS IZ
S-JNAS #MA¥E L7546 (A+E), ¥ 512 CIAIR-VCV
ZMMAZEE L7256 (A+E+C) ORRFMRMEZR 3 ITRT.
SEEMEORMBEIZ L D, T — S 2D RN R A & D
VBRI IE N L7248, CL & TC3 DRITELTWY
TR DA IFNE S o s,

4.3 FHEODERL
URIZ R 80 ORME O B LFIEE T 72,

(1) _all: $RTOA—NA%EFLD, PL—=V I TF—
R 2ROGERFHET ¥ 0, 281 ICIERHL.

(2) _each: FIA—NAD L ==V T T—R (67 T R)
290, BLICIER L. 2B, BRI ERL
LWEAEBITo72 (HL, H5HED CMN IEHEL 72).

ERHAIbLFIE each Z W CIMGERZTS2H7D, TA

FTF—=XNREDTTAZET B 128 RED GMM % H

WCOZFAR) VT "fTolz. ZOREEZR 4I1TRT. K

ANBLD Y 5 ARFIFILKRNR <, BABLZIZHEAF LA
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DEME, FHRBZZFHBLBEANDRANZ V. Z OF5R
EHOCCHEERZITo MR 2R 5ITRT. 252X
YIUREIZEOCH DO, BRFEFHOHKEHD 50 7L —Lb X
T1FEFBITRTOT V=LAV EES, WInbiEkT
ETHD 1classall % LRI ZHEEEED Z e Blkz. £
7=, 77 AHIZERLLUZET NV E MW 6 class_each &
FEDOHEEG7-. 25, 1 classall DIEHLEL DEE
(FEEEHED CMN 138 H) 1, 1 class_all DIEHLDH D &I
N, HHRBEEMET UL,

IRiZ, 1 class_each D& 2 7 AD MFCC12 IRICD 4 &
1 class_all ® MFCC12 ¥Rt 8D 21— 2V v Ni#%
K7z, ZzoFEHE, AM: 2.16, AF: 3.23, EM: 2.54, EF:
3.33, CM: 1.99, CF:2.19 THh 2 &5z, T I 2045
B LR N X WEA DS 5 1, ROR#S 2R UL T
W5,

4.4 UVFRBHROIRY T — I ~DIEHIAH
(1) 7 7 ABHROXY NT =T ~DAS
2 AE®EANTH=y %ENL 7 DNN-

HMM O HEERMEE 2K 6 ITmT. 77 AEHREZ
FLARAA TWAN 1 class_all IZLEARKEE DM EDR S
n, 77 2EOIERLEREZERIIEEBTETVR
WA, IZIFAFOMRE RS2,

(2) Pre-Training O®JH
Pre-Training & » DNN(TC3, layer=>5) @ HFEZ K
[ %% 5 @ Pre-Training A » DNN-HMM O 12 7R
. 77 AFICRBHEOE AR ONEN, 675
A DY HEERFFEE 1L Pre-Training # U 1class_all
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AU 88.8%TH -7z, Pre-Training » » M DNN-
HMM T% 7 7 AmOEH LR ITETTE TV
=

5, F&o

AWFETIE, FTEHEMS X CFRZREAL DNN-HMM
DL ERR % 17> 7z, Triphone 8 X3 ¥ F F A MRS H
#i DNN-HMM 3 IFA%E0ORKE 2R L, SHHA DNN-
HMM IZEH T % & F8F— X OBINIEWN CI B LU TC3
DFBBIEEDAEIINE o7, FHIEAL DNN-HMM (2
BWT, ¥ETF—XERINS &2 (CSJ 3 —/3Z [20] D
ffif) DE FNMLFIE (CI, TC3, CD) & ik s ORER
DFEIZSHORETH 5.

Iz, ANSBRHMEIZNT %27 5 200 BIERLT
HBERREL. 77 ARNCREE O EM{L%E 1T - 72 DNN
DEEHE LR EO T TREBVWEDTH Y, 4K
DEFIZ X DEEH MO EEBRBEDIXSDENMA S
N, REBENIEELZEEZONS. Z05E, GMM
WZEBHENZ T AR VIEOMARAIZEL Y, 7T AR
L FFEDOMERELE STz,

BRI, TNoDr7 I ANBRL Ry N -2 NTEEZ
NBEZEDNREFLWEER, 77ABERDEXY T —2
ANDAJ & Pre-Training OB, FF @0 OFHE %17 -
2. WENH 7 T AT L ICHFERHEDO N ERE LKL
DNN-HMM O #8FHAEE DGR E FE > TH 0, SHER
BTl T —FT7F ¥y Tl I AEREZEAY V-2
TS Z i3k o7z, 2y b =2 HNTD Y T A
WOFERIISHOBETDH 5.
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