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Automatic Speech Recognition for Supporting Speech Communication
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Conventional approaches based on deep neural networks to automatic speech recognition usually require a large amount
of speech data. But it is very difficult for persons with articulation disorders, in particular, to utter a large amount of speech
data, and their utterances are often unstable. In this paper, a pre-trained model, wav2vec 2.0, using a large amount of speech
data of physically unimpaired persons is applied to speech recognition for persons with organic articulation disorders,
where the model is based on a framework for self-supervised learning of speech representations on unlabeled data for
speech processing. Our experiment results show the effectiveness of the pre-trained wav2vec 2.0 using a large amount of
speech data of physically unimpaired persons and also fine-tuning using a small amount of speech data of a person with an

organic articulation disorder.

Keywords: automatic speech recognition, organic articulation disorder, deep neural networks

1.[ZL®IZ

T, AT = T 4 RAY — A — I — B E F A2 W
TR AT —EANERINTND, ZIHDH—E AT
i, F ORI EL TRA THRCIEBERAEMBK L., £
FEBERENFTRETH LM, DOV —E A TIXH B/ 5
REINTED NEXRIREL TERY, FEAEHR HEE O H A3 K #Ee
LA NHD, FEEREEE ORGES 7 OREIL, T OB (&
Bk, MAPERRB 2P I I EXFTHY, BIE T M R #7e
FEOAFIET Do TDIIR T 2 ORFEEFII2=b—Ta
VEIARET DD OBEFHE~OHIREN, ZNET
T 13, MU PE R | B RS B EEE OO
LTt e AL AN S e A Rt S E NG 72 5/2 11 D)
WG DD ZEd CTETCND, AR TIE, Fas R EEE &L Ca
B S E EE AR R L LT B ARk OV TR 5,

FEEE R L DOFEGEAXANVEFEIT— N — ANSARRT20
TNAB ARSI E G A OEEE T RN ML
A, EeFOETFNAAELEIIINED (BEFEE) EFLE
BHEFT —ARLETHD, BT TH LR (T
FAN) FH LT EFLNEEL T, EFAEE T —2 (55
+TXARN) ELTH T 28, UHE~OARREEEET
L, BT LT — A OB TR0 AT — 2%
EDDLDOIFEHLNGERDHD, EDLIRFE T —2EnD
TRV )T DR IR E LT, BB TR %86 R #E
HFOBHEHEEFEFET AL UEHTIENEZD
o, LU B BREHEE T2 5 ek OB 57
O, BEICHINT AT R ANEIE I LA FE TIHONE
DHDHH, BEBONHELWREER S 0B F e EERo
ZEFEEL W, FZCEAEM RSN TS T X AN ECTHE -
M E AR CELH CHMBYEEICERT5, 2hvE
TIZH & X wav2vec 2.0 D B EZiH0FE 5 VA&

T PR R B D IR B W THERIMEEHERR YL T5,
AFETIE, KEICHEE T DI LN AT RERMEH E G =T — 4%
wav2vec 2.0 OFHAIFEEITIEHT D28, FoHEAEICER
IR EREERE OB RREEE AT XL OERT
LTEERFIL S E MRS R EE O F R ERICTHE
AW T2,

2. HECHENHYEE  RETTAMELIZLSE
ERERREOFEE

AT EFEOEFSFICBLTEAESR TV
wav2vec 2.0 & H CEEHYFEH OET NVELTEM T D,
wav2vec 2.0 1%, T A KOO E FOBIERBIAZMME T 5
CNN (Convolutional Neural Network) = a—& & —#fi~A
JENEBERANOa LV TIANERLZEE TS
Transformer =2 —4& THERR I IV TN D, Frx DFEATHISEY
THRELZ wav2vee 2.0 & VW= EF RO 8 FlEE X
1 TR, HEHEMHYFE O =— AT, FEREEE O
A RERBEFETOIENENTHDIZO, ASRITHES
HREEHE OT X ANMELE O L% AV TH CEiiH 78 %
TOZEMEEL, LinLFEEER EEE OT F ANMEL O F
F—ZDIEN FFadi s LT ST —2X0) B2 bHL
TV Z, B EEFDOIIIC wavdvee 2.0 ZFE TEHIEE
KB T D EFHENIIIREETHD, DT, F
AN KBS ol 58 72 VT wav2vee 2.0 O B CLIT
HOFEEEATH, RIT, EEEE 7 TFE L wav2vec 2.0 D
FEBEHET NVEPHEEL T, FEEREEE OT FAMNEL
HEEZHWTH MDY FE 7 2 — X287 % fine-tuning
179,

BT LV OFE T 2 — AT, Pl I LD RS
NIV BEOTHRAMIEE FE W T, FFEREE DF - ok
BT NVOHMBY LR EITH, HHEmmET Vel T,

AXERERYS BAROERFREEARS (F2U4QBFERFRESFMAR)



wav2vec 2.0 EZ D RO IE THER SN D CTC
(Connectionist Temporal Classification)® DE7 /L&EHL,
wav2vec 2.0 [ZH CEMbHY FE I FHINTANTA—F
ZHHEEL T D BEORFETFAMIESEFEHOTET
Jv (Neural Networks) D %179,

Step 1. H C¥ifidHV 2R RO %ER

R7LRE l

FEEET X AMEL
REEREEE SR T —4

FEEFE T ANMEL
R E T —5

Step 2. HlfidHVEE: THEIRET L DS

o

( Rk ) 5D

[ EmmE e

wav2vec 2.0

)
SRR, 177 —

B RETFRAMELEELEALLEERROLE

3 REMBEETEDEFRHER

3.1 EEREH

AFTIE. 8 4 (RIBNEZ 2 4, T 6 £4) DIEMAE
BREEEOF T — X Ui Z1T -7, wtd BT
FARELT, ATR HARFEEFT —HN—RIZEENDIHE
INTUAS03 CEFI LT, 455368523 503 SCEFEEEL TRY,
D 50 SLEFHIT — 4., B 50 SC&FH REOMRFET —
K RO EFE T =L K1 IORENAFGET FANEL
DR EFFT —H =L CE, AAGEFRL S Ea—1
20 ZAFE L, £ 660 FEOFHRE TN TA,

= 14 A (640)
£ 12 ]
5 10 Ml
5 AEgn#ER
e 8 24)
2 6
SE
2
0 Neml=Onlos

s (104) FEVER T REEH (84)
2 @EE wav2vec ZRVNV-BERBIRYE

25 -8 A Fwav2vec

20 —o—F&f K #EF wav2vec ]

—
(S}

—
o

[$]

Phoneme Error Rate [%]

(=]

4003C 2003C 1003C 503C
i FE T — 2 (FFBEET NV OFE T —550

3 HIEREE wav2vec ZAHWNV-EERHERYE

3.2 BEEBEERER

2 |2 E wav2vee 2.0 Z V2T ik EBRORE R
R, CZTHEAL QWD ET AV TIE, X 1 @ Step 1 D3
FET R AMELURGEIR L ST — 4 TCOFEE T,
Step 2 DEFRIRTT VOFEEFT>TD, K 2 1R T
FRRRSEERAE LI | EE O E FERVERIT 1.38%THD
D, VBN E E R O E FIRV R 8.5%THY, 7t
IR B RGHLEARDEEL, FERGEE TSI EOIX
HOENRKELIRHTWBDNG1D,

WIZABOER 1 HORFETIANMELEF T —H 4,495
AW TCHEER S wav2vee 2.0 ZFB LI-LxDEFHR
s REE 3 TR T, B AT IV OHEHY T —
AR TS TEREIT>TRIZEZA, #1400 3 (395 30)
Tl EEE wavlvee LEHEARTHEY KERBN AL
VNS, 100 3T, 50 SCEEE T — DI NE S | FE RN EE
FD wav2vec DN R RKZVO D53,

4. BhHYIc

ARG T, SEERERER OB IRV T, FKEE
TXANRLEFT —HEIHRALZ wav2vec 2.0 O H
HVFEEEHEAL, TORERIEL THhiz, 5%IL, e
TXARNRL (D) F T — 28I Uz wav2vee BT LD
7S BLOVERE FIEICOWTHGTT 5, $72. 208
A R EE OFGEIE S X BAVEM LI DV THIRT
HHED TV TETHD,

SE 3

D) MO, BEREEEDOOFE LML T L. B
AFTEEETE 2018 ; 74 @ 144-147.

2) Ryoichi Takashima, Tetsuya Takiguchi, Yasuo Ariki. Two-step
acoustic model adaptation for dysarthric speech recognition.
IEEE ICASSP 2020 : 6104-6108.

3) A. Baevski, Y. Zhou, A. Mohamed, M. Auli. wav2vec 2.0: A
framework for self-supervised learning of speech representations.
NeurIPS 2020 : 12449-12460.

4) IR, BEE—, WO, wav2vec 2.0 IZXDTUVIEL
B AR VI MMERRELE OB PR, A AT RS
FeFR R SCE 2022 : 1317-1320.

5) A. Graves, S. Fernandez, F. Gomez, J. Schmidhuber.
Connectionist temporal classification: labeling unsegmented
sequence data with recurrent neural networks. ICML 2006 : 369—
376.

6) K. Maekawa. Corpus of spontaneous Japanese: Its design and
evaluation. ISCA & IEEE Workshop on Spontaneous Speech
Processing and Recognition 2003 : 7-12.

AXERERYS BAROERFREEARS (F2U4QBFERFRESFMAR)



