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Abstract: Throat microphones are more robust against external noise than conventional acoustic micro-
phones such as close-talk. However, automatic speech recognition (ASR) performance is degraded when
throat microphone speech signals are simply input to a general (clean) ASR system due to large acoustic
mismatches. Moreover, the amount of throat microphone speech data is not enough to train accurate ASR
systems. In this study, we propose a training approach for throat microphone ASR utilizing a small paral-
lel corpus simultaneously recorded by close-talk and throat microphones. As a data-augmentation process,
existing large-amount close-talk microphone features are transformed to a throat microphone feature space
with the LSTM-based feature mapping which is trained from the parallel corpus. The DNN-HMM is then
pre-trained with the mapped features, and fine-tuned by knowledge distillation from a DNN-HMM trained
with a large amount of close-talk microphone speech data. Experimental results using read speech data
showed that the proposed approach achieved 36.5% relative improvement of character error rate compared
to the DNN-HMM trained only with throat microphone speech data.
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Fig. 1 Spectrogram of Close-talk microphone (upper plot) and

spectrogram of throat microphone (lower plot).
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Fig. 2 Feature mapping-based data augmentation and knowledge distillation for
training DNN-HMM of throat microphone.
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Fig. 3 Throat microphone.
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Table 1 Structure of teacher model.

Layer | WHMEALE%EL | #G7 L — 2%
1k | ReLU -2, 2]
%208 | ReLU (-1, 2

%5 3@ | ReLU {-3, 3}
4% | ReLU {-3, 3}
%55k | ReLU {=7, 2}
%68 | ReLU {0}
HiJJE | Softmax {0}
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Table 2 Character error rates (CER) of conventional and proposed approaches.

Model Training data CER
T™ GMM-HMM HE~ A 27 5 (% 6 ) 14.4%
TM DNN-HMM IHiE~ 1 7 575 (R 6 RER) 9.6%
TM DNN-HMM + Speed Perturbation | WHIfE~ A 2 %57 4 Speed Perturbation (7 18 If) 9.4%
CM DNN-HMM + Feature Mapping Peafi~ A 757 (1 240 FEE) 8.8%
Map-aug DNN-HMM FEDEIE~ £ 7 B (39 240 FFE) 9.0%
Map-aug DNN-HMM 4+ KD BRI~ A 27 JeiE (R 240 IERH) + 87 LV 7 —% (89 6 ) | 6.1%

(=09,10,11) Z@EHLTHELT—F 2 H\,

R e A RT L LTI~ £ 7 575 (# 6 i
M) OATHEE L7z GMM-HMM & DNN-HMM % F2EE
TNET LY AT Lw vl 2O GMM-HMM IEHiR D
B L AR IMLLR %2 @ L7z MFCC 12 & » T4
HS N, €0 HMM KEEHIZ# 4,000 TH 5. DNN-HMM
DATIRITCHRENIE OREEIZEEETVEFRLTH S
W, MWE~ A 7 DA TEE L7z GMM-HMM 12 X % 5l 7
FTA XY PERICEDWTHEE L7ZIER T XV EFIH LT
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28 72 GMM-HMM OIRRERIZEE L.,

Mz <T, W~ A 7 PG~ A 7O~y ¥ 7
AT AERTFLELORE T 72, FEET VI
CSJ T2 L 72 DNN-HMM % Jj\»72. 2@ DNN 13/E5E
TRV EFE USRS, 72, 2o~y ey s (|
W~ A 7 -~ A7) BIREFEORH~yEr 7 (8
YA 7 —HfEY A7) HLSTM &[F L& x5, [F
CRTUVT =% % HWTEE L7,

FTRTCOFBRERIZB VT, 3-gram SHEET TV EMEHL
7273 — N2 X o THE72 100 ORZEREI2xF L ¢ TDNN-
LSTM SiEETNMICE D) R a7 ) ¥ 7Fafrv, ke
LR HEE L2, VAT ) v JHRICIE 3-gram B
FEETINVOEA%L 0.2, TDNN-LSTM SiEETIVOEA T
0.8 &£ L72. TDNN-LSTM (F2= v F#$%%2,048 ® TDNN
& LSTM-projection (LSTMP) % % H.IZ 5 2 HE4a 72 H i
& L7z, 3-gram B £ U TDNN-LSTM SiEE 7 V1% CSJ
DEZEILEZMALTHEELL.

4.3 EBRER
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BafTo72. HETVOXLTIDZE (CER) %X 2 IR
F. £ 2 OKFEM TORBRMGE I L THEAKE 5%I12
THtMERIT o ofR, SFEHMCTORBREEICHEE
WdHDHIERWHSE NI o Fho TM GMM-HMM
& TM DNN-HMM (& Z N ZENIEMES A 7 F 5 O K TH:
BLEBEF L EH WY AT 4, TM DNN-HMM +
Speed Perturbation (3K~ 4 7 &7 123 L T Speed Per-
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turbation (o =0.9,1.0,1.1) %##H L TIERL /2T —% T
FHLFEETVE WY AT 4, CM DNN-HMM +
Feature Mapping 1%, WAME~ 1 7 f5eE 2 55~ 1 7 J5i
wICEWRL, BERSv A THEELCEEETVICADNT
% ¥ AT L, Map-aug DNN-HMM (3 FEHUIRME < 1 27 554
= CH¥HE L7 DNN-HMM %2 FZET VL LY AT 4,
Map-aug DNN-HMM + KD (& Map-aug DNN-HMM ©
DNN D/8F X — % Z HIak &/ 2 & o TAME~ A 7 Fifes
WCHEIE S 72V AT L TH DL, WE~ A 7 EFDORTEY
L 72 DNN-HMM & GMM-HMM X )  &RETH D, I
% C Speed Perturbation % i#H § % Z & TRk 25
F LS, MEEOHM~ Yy ¥ 72X BT — ZHET
TH L 72BN~ A 7 FefE T8 L 72 DNN-HMM
&S IZEVIRRE A R L7z, g~ A 25 FIcx LT
B - ML 24T ) PERTFHAC AR TIRE L 72k Tt &
D SREGEME R ERT A ENTE, TRANEMIEED
UHEICHG L2 EZS5ND. BB, Speed Perturbation
DA% 5 FHE (o = 0.9,0.95,1.0,1.05,1.1) & L7284
DBHEEBOAT - 7205, ZOLFRRN L 10.2% L ¥ x
ML L2a L) bR Ko7z, 512, Al
WAL DRI 5 TEBOMNE~Y 1 7 FfE 1208
B L722 ETES % b RMBEOUEI GO, (ERDIH
W~ A 7 DBOERE~YA 7~ O~ v ¥ 0 72 H b T
L0 b BRI G S N.

6 BB O A DFF MM L7 TM DNN-HMM <
+Speed Perturbation &, &7 — % LiZwv 2 CSJ O
240 B % i L T\ % Map-aug DNN-HMM & @ [E @
I EOEP/NE L > TwAH, 21, Map-aug (&
DNN-HMM D8 7 — 7 LN DDOREEL< v ¥
YD, WEY A 7 B & ORI I A<y F %Ko
TWh7®H, REGEUEPHEOLN TV RWnEEZ LN,
FRIZH LT, B~y ¥y 7 TTE 5 MIHE~ A
7B T L TN 2 RS CHAR T L 2
EDHERTHLEEZOND.

4.3.2 EREFIVOMDEILHFEEBZZHEDLE

RIS, FFEBHEOEEETILOINT X — 5 O A E
LR TES L OMERE AR FHEN L 72, LRI £ sigmoid
ThLHEFEETVOGWEAL L LT Glorot O —kk5Ai
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xR 3 EEETNVOMIMLIEE R ES L OLFRAD
Table 3 Character error rates (CER) of student model fine-
tuned by hard target or soft target in each initializa-

tion approach.

Initialization Fine-tuning approach
approach hard target soft target
Random 17.4% 98.1%
CM DNN 8.7% 7.2%
Map-aug DNN | 8.1% 6.1%

2 X 29t (Random) [35], CSJ T L7z DNN % 4
WNg X =% &4 5)7: (CMDNN), %L TRETED
FEURNE = 1 7 FE i T8 L7- DNN 2 9/ Y5 2 — %
&$ %74 (Map-aug DNN) @ 3 % lbBL7-. —4,
BB e LCEMRI NV AR HEES &35 4% (hard
target) &IRETHEOMAEAIZL S HE (soft target) %
W L7z, 73, hard target |2 X 2FH TEINT LIV T—
¥ DG~ A 757k LT CST T L 72 GMM-HMM
THAHIT T4 X v b L7k RIS ED W CTHERE L 72 IEfR T X
VEHEES L LTV, STFEOLTFR)ELR 3 12
AT BB X o THIME L7255 E, MaRE TlE) L4
FEADBHE L h o728, FEHEAD DNN D/RXF X —F T
ML EN TV A, hard target THETLH L) D EW
FEMFO N, MBANORMM LR L. 72, 9
INT A= Bk~ A 7 THEELZDNN £ 5 K50 b4
FETH L HEWIANE~ 1 2 Fefis= T#E L7 DNN £ 4%
TEDSEVEREE R Lz, Wk~ A4 7 58 g~ A
7 EE LR TEHERBINCLE R EHRSKELTBY, #
BRI~ £ 7 Fflim b 20 X ) R~ 1 7 O % & 5
BEBHTE WL LEZOND., LD > T, #EiivA
FHECTHE L7 DNN L) S #UReE~ 1 7 fifm %
B L7- DNN IZERARE L T 25 8Eh 55 R 2 %5
THETEN, ZOHMEBFECIEHTEZZ L8
EVIRIIERE 2SR CE BN 1 2k Ez b5,
4.3.3 EREYT VDBHBBEEEDOLE

wIZIS, FHliT— & O~ 4 7 555 LR~ A 7 555
ZNENOBHBBEORB AT o 72, FHIICIEZ ) — 2 7%
REICIER L 7-F 7210 T, FCiiEs N LWICE
BLTEEDBHEELANVOREY Y I2L— M L2EH
bV, BEEEL S IaL— 5720, BELANL
A3 60dB L4 80dB D & X DIERE~ A 7 LIHEY A 7 D
Signal-to-Noise Ratio (SNR) &4t L7z. SNR DA
RaeR4IRT. ZOMRERRITHEST60dB & 80dB #2
EOBREEREEZ I 2L - T A L) ICERETIHETOL
NV L7, EEMEEIIESE A 7 LR~ A 7 %
EELTNWER L VAN VAOBE =L, 7B,
BRSO L ~NVIdH 35dB Th - 7-.

IEE~ A 7 JHSBEE LV E LTUIRETEE TV (Map-
aug DNN-HMM + KD) % w7z, —J, #55~ A4 7 i
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R4 BEELNVTOERE~A 7 LIFiE< A 2 © SNR
Table 4 SNR of close-talk and throat microphones per noise

level.

Throat mic
39.2dB
30.3dB

Noise level | Close-talk mic
60dB 26.7dB

80dB 13.9dB

R5 FEELANVTOREGF YA 7 H55 LRI~ A 7 555 O34
b s
Table 5 Character error rates (CER) of close-talk and throat

microphones per noise level.

Noise level | Close-talk mic | Throat mic
clean 4.8% 6.1%

60dB 6.4% 7.6%
80dB 18.0% 13.4%

BETNVE L CRIREFEOBAEFICHA L2#AMET
Ve Wz, SEE LNV TOHEE~ A 7 LIHE< A 7%
NENDOLFHRYRELER 5 \RT. WEY A 7 EHEDR
R RETFEETVEAVD 2L TO ) — VR~
A7 EHEORBIEE G HLERPES N2, 72, 60dB
MEOBRTEEY I 2L — N LAHET— 7 TlE~<
A 7 E P ORIz~ A 7 BRIl bR L o7
7%, 80dB RO T — ¥ TR~ A 7 EHF LV L&
WEBER R AR L7z,

5. BbVI(C

RWFFECTIIBEAF O KBB4 758 7 — % LR
Ry EYTIZE BT Y IRFHLEEY A 7 LR~ A
7 D/INRIINT LIV T — 8 % Tl T MR 2 A A b
72~ A 2 H DNN-HMM D% 7 21— E L7, #iH
FLEHFE A PP E A 2 W ER O E, DNN-HMM
RIRE~ A 7 EFRORTEBE T HERFHR LKL TH
36.5% D LT ) FEOHI & ERL L 7.

SRIHE~ v ¥ U T OEREEALR BRI DK E 7OV H
b OHIGRAT, WA DT INLEHAT & O I, 8kHz
T TTETIVEMKT B HER IOV THE %
I TFETH 5.

BB OAHF e o — BB 1L JSPS B AF # (16H01817,
18H03260) , [ 37 WF 78 B 58 i A0 = o4 b & — - jE 3E Ui
AR (NEDO) OZRE¥ER (JPNP20006) DBk
2T,
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