1-Q-20

HAE

9

2219
=

wav2vec 2.0 L BT NV ¥ 72 iG] U 72 I pRIEE o & e adak ¢
YARYE R (FFR), @ERE— (M R/IST X &A1), MHEH (A K)

1 LI

ME [EE (Dysarthria) & 1%, & L7 WNE T
fELTW2ICH bbb T, FEHEAEPMHRERE DR
WICEDELLHEFETERWVIERDO Z e 2169,
FhEFHEORK E 2 2 RARERE UTIE, B pE
(Cerebral Palsy; CP) R BEREMEMZENIE, B HER
REDMFET 503, RFETIET 7 b —B R
WCERT 2MEREEENRE LTWwa. 77—t
M RS 13 TF R 7 ¥ O B R D ELIc B WT, Ak
FEEIVECTLE S, THEEENIFERC D HE
ZRIETTD, ZAPBEREFEORK L 2o T3,

e E D% <X, FREZBHBIE»TZ
WE#cH b, HEERISKFZ E2LTWws. 20X
SRBREREND, Hisek (Automatic Speech Recog-
nition; ASR) ZFH WY X7V = AN T84 ZAH3
BoDHOXHEEM e L TR TWS. Ly
L, MEREEEORIIEEE ORFERHE KL<
B2 570, EEHEOEHTEYE INLMERD ASR
AT LATRMEEREEE ORI 2 BT 2 2
LIEREETH B, Lo T, MEREERANDSH
TASRETNOEE T L2HEND L. LirL, MK
PERREE IC L > TE R OIERITIZ B AN EHENK
W, ASRETNVEHRHOER T —& %2 T &
HET2ZePNETHL WS HEDLD 5.

WEREEEDHHZRICB 2 7T — X AR E
WWNT 27 7 —FIEINETEIMRINTE .
RERNLFEDO—DIZ, REOHEESH CHATEE
2TV, RICDBD I AN EHEREEEF T 7
AVFa—=V T T2HERDS (1. £z, IR
LMEREEEERIIN LT — &Lk E i3 2 &
T, Gk DB EHRIRER 7 — X 23 /5
MdH3 2. EitorFa—Fickh, MEEEHEC
M5 2 E AR E DM L35 2 & R HERE T X 7203,
AR LTINREFRZVPEDEETHS. LHIrLR
MOEFEHEER L B L OB SR EE S SRR
WKhhwo e zERT L, RIEIOBEREEOE
FEXrDZNET 2DOMAINRBETH2
ZA6ib.

AFZETIE, £ D2 DRSS O H 2 FH
T 572012, MEMBEED I NLVELEF L B0
WOFBIWERT A2 2 @atd5. S VELE

FOWEHEE LT, I g THi DEITHSE [3] T
R L7 wav2vec 2.0 D HCOHETH h 2B X 5 HIEIC
Mz, SEFIEL T XY > 7 OFiEEENTH
WCEBEITS. /2, ZThETOMEL AfICESHR
R & 2 FHESRER ZAT 5 221 TR K, SCFRRRRIC &
% Al SEER b S 5.

2 SRIELEEDERE

Z OV LU 2 H R ek D FEEITTER 5 2 3k
M7zFiEe LT, E2o%Fohs. —oHIE,
TV L 7 — 2 e W TRBEERHA 2 2 E e B
2T & D %3 (Self-supervised Learning; SSL) T
Hb. FNVELEFRTHOHMD D EE 2 FEMML
72%, ASR 2EBRHIEZF OB FEAE T2 OIHE
LT, SNUfEBFBETI 74 v Fa—= v 7 %7
5. ZoOHIE, IVELERIIN L CEA ke T
5T, b bEDIELIRZ ~OL (B F ~L)
ZAENRL, 7 VHELEFICNINT 5 ER T LD
RHHELTHWBEZ 2T, ASR EFILDEEF—
ZIIER T 2T RY > 7 4] OFETH 5.

Foax DFATIHIL [3] TIE, BCHHETD DB X 515
FRICE D, BMEREEE D Z VL EFE 2GR L.
HOHEIH DB DET L E LT wav2vee 2.0 [5] &
fEHLTEBY, BRBEIOBEROBERRE MY S
5 CNNFfEz v a—&t, —Hp~R 7 EIni:E
ERE»S a Y 7F R FRFZHE T 2 Transformer
IYa—XTHERINTWS. Xk [5] T, KEOD
- UVEE L EH T wav2vee 2.0 D HCH A H b #2E
Z{TH5ZLT, TOBRDASRD I 74 ¥ Fa—=
WS RN EERED 10 7% 1 IKERE & D
BTHoTH, MOBMENREOND Z L HRE S
TV, TR TN & FH A DI LA #E 72 i
PERREE DS FERMRICBWTE TH R L EZ bR,
Fx DIFATHSE [3] ICBIT 2 FEBRTH ZDHEMMEZH
BT 722 L, SVELEROEREE LT, &
oY ¥ AN TR,

SR (6] T, BCHETD DE BTN 7
PRS2 Z & T, ML T 5 Z A
SINTED, EEEOETHEBHOMHHATENTD 3
ZEDHEERINT WD, Fz, BMERRERE O & itk
WBWTSH, HEHEID D FEHERLUIRY 7%
FERL TNV LS A ZIEH LSBT [7) 23D

*Speech recognition for persons with cerebral palsy utilizing wav2vec 2.0 and pseudo-labeling. by Yuki
Matsuzaka (Kobe University), Ryoichi Takashima (Kobe University/JST PRESTO), Tetsuya Takiguchi

(Kobe University)
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Step1 Self-supervised learning
Quantization

@ @ @ e (@) @) @) .

Step2 ASR model training

Step3 Decoding pseudo-label

Correct
label
Pseudo-
label

Loss

Loss Loss 4 prediction resuit
1 preciction esit t [ tinear NN
Normal R o Jmeemel] o [k S
wav2vec2.0 [N wav2vec2.0 N wav2vec 2.0

Unlabeled
Normal speech

Unlabeled
CP speech

ASR model

e
Labeled
CP speech

D
Unlabeled

CP speech

Fig. 1 Procedure for self-supervised learning and generation of pseudo-labels.

%. ZOBFETE, LD DFHOET L LT
Autoregressive Predictive Coding (APC) [8] Z{&HH
LTHED, BHEHAID D 2R BN XY > 720 H
352 e CHEMRED A L L Z e lE S AT
5. ARWFFETHRFRIZ, wav2vec 2.0 DEHCHAH D
FEMZ, B V72T 5 28T, K
FREED 7 XVIELEFZTEH T 2 2 L 2G5 5.

3 wav2vec 2.0 DEC#ENH D FE L £
SRYVTICELBZIRNIVELBEEDEA

3.1 BCHEHDFERLERLUSNILDOER

Fig. 112, wav2vec 2.0 @ H O EfiH b 8 % Fw
72 ASR E TNV DOEBEFNER VL7 XNV DA F T
DFNEERY. £3 Stepl TlZ, HECHAD H 28 %
179, IMERREE OB ORHURIE 2T 52 e
HWTH 7=, ARITMIERREE D F VL EH
DATEHEE T ZREED, BUIRTIE wav2vec 2.0 D2
BietohEr2HETERWED, KEOEEESH
THATEE ZTHR-oTBL. 20Kk, FHiFEET v
EOMAETLE LT, BRSSO L L &
EFHOTCHCHEESD D HEEHICBIE 774 v Fa—=
V7 EITS. T Step2 TIX, MMEREEE D 5 ~Af
EXEFEEHVWTASR EFLVOEEEITS. ZDL &,
ASR EFILOMET wav2vee 2.0 DETNAEEE S
ATWB10, ZOEHTD7 X —Z2DHHESR H
CHATD O FB B 2FEHEAET AL HHUFL,
ZFOLTI7 74 v Fa—=2 %175, LT Step3
T, ¥EBEAD ASRETAEHWT, I~LHEL
BRI L TTFa— PR SEMT 2. ZHuck D,
TNV LB IS 287 NV EERT 5.

3.2 EBLISANILERWV: ASR OFH

Fig. 212, S¢LlZ ~ 2\ ASR EF L D4¥E
FIE%RF. Stepd TlE, ASR DB 217555, H
WAR¥ETF—&2r LT, WEMBEED Z N EE

S R R SCER
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Step5 Fine-tuning of ASR model
using labeled speech

Correct
label

Loss Loss

Linear
Copy as a pre-

Copy by trained model
SSL model CP B fpanap

......... wav2vec 2.0

Step4 ASR model training using
labeled and unlabeled speech

L)L)

Correct label ‘ Pseudo-label

wav2vec 2.0
ASR model

5 R —
Labeled Unlabeled Labeled
CP speech || cp speech CP speech

Fig. 2 Training procedure for ASR models with

pseudo-labels.

FIZMA, 7 VVEELERRKZIUSHIET 2 5L
IRV ERHWS. £/ %, ASR ET BT
% wav2vec 2.0 DE53 %, Stepl THCOZEND D ¥E
AT EBAETNVEAMEE 55, ZRIT Stepb
TlX, Stepd THE L= ASREFNLZHHAMEYE LT,
TANMMPEEFHDATT 74 ¥ F a2 —=V %75,
RRICT NN EEFRDATHFE L TWAHEEE L
TE, TV L EE IS 2 807 NOLIEER D
EEHEATED, AT 2B R0 TN &
BREDATEMINELEZ712DTH 5.

4 FH@EEER
4.1 T—EREE

AEBTIX, 77 b —LRNEREEO B 1 4
FEERMONRGEE L L, HARBEREZIGRL T
W5, EREE O 7 Lt EEF e LT, ATR H
AFEEET —EZRX=—Z ) ITEFENDIERNT VAL
503 XD 5B, 429 FEEE (51 50 77) 2R L THD,
ZDSbH 329 Fat ¥ E T — &, 50 Fahx MEET —
&, 50 Fat R Ml T — Z IR L. 5 LA X 7
DF—RBIIVETHZ7-0, A TIE 8-fold D
RARGEC & D& AT 5. IMERREE O Z oL
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LEAE LT, #METABXOHHEOHA LTER
(FHR 3 M) 2GR LTV AL f@EEEH & LTI,
HAGEE L SHEa — & (CSJ) [10] 2fFHLTW3
(#7660 i), %7z, SEEF 7 & LT Librispeech (£
960 [RffE]) [11] 12 & 2 HFEAET L (Wav2Vec 2.0
Base, No finetuning?) d @#HEE 7L LTHAL,
CS) 7—&tvy b THEELIGE L HEZITS. ASR
ETNDOEHOBRICZ, FEHRE(DT —XILRTD
% Speed Perturbation [12] ZZEfi L TE D, HERK
%009, 1.0, 1.1 ICREL

4.2 ETILERE

HCO#M D b 2281281 2% wav2vee 2.0 DETIL
&, SCHK [5] 2212 LT, Base E7 /L LR UGS
L7. CNNFHETZYa—-XiZ7 70y 7 THEX
NTHBH, FyryA X512, h—3x9 4 XX
K7my 7 Z2I2[10,3,3,3,3,2,2], AbT4 RIFHKT
Oy Z¥i21[5,222222] £ LTW3. Transformer
ITya—XiZ12 70y 7 THRXNATED, 7L
RICIE 768, PFRITIE 3,072 £ LTW53.

B RE T UICIX, wav2vec 2.0 D Base ET L
D¥IEDEIZ, #EEYL CTC 2Bz, KFEERT
EEREMATOREITY 20, HJIEIE 39 EHD
HFREIMZT, CTC ® blank b—27 >, KRHb—2
Y (unk) 2572 %50 A1 BEO -2 VTER L.
F 7T 4 <4 FIiZid AdaDelta ZHH L, 2R oBIC
ERGEEHERI RN TRy 7 2R L 7-.

4.3 P2C T#Z F:ET}LL—J:%K%WL\E&/\G);E\

AWFUCHBIT 2 ASR EF L TIEX TRk Tl <
ERBMEEMT 5. ZOMEE LT, KRB
BEDITNNWNEFHRIDRDD, FR#MD X5
WBTFU Lo 7 — FZ2FD ASR €7 LVO5E,
FERTEBROXTNZEFELTLE S DTH 2.
L L, FHANRERZEBREERT 5, Ttk
WE2FHiib BETHIEEZOND. Ko TAM
FETIE, ERBBIC L 2FHli7Z 1) TR, XFRdak
THIHMIZHEMS 272012, HBRASRET ML
THROLNLERBRMERE LT T XA MNIEHRT S
Phoneme-to-Character (P2C) 7F 2 M E 7L Z2
T3, ZOT7FRAMEFIUIIEE RSSO 7 —
RERBBEY LBRWHRDEH 5.

P2C 7 ¥ X b E TN DHEIE L, Transformer
Encoder-Decoder €7V C&H D, Transformer T
a—& 3 &, Transformer 72 —X 3 TR L T
W3, F7-, #B5BHUT Cross-Entropy Loss % {#H

13%5”0; It LT ER (LT EER) L LTIERL T2

$ﬁhfﬁ7«wﬁb A LTHERT .

2https //github.com/facebookresearch/fairseq/tree/main
/examples/wav2vec
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Table 1 Recognition error rates for a person
with cerebral palsy (CP) using combination of
self-supervised learning (SSL) in wav2vec 2.0 and
pseudo-labeling (PL).

SSL SSL PL PER[%] | CER[%)]
(Normal) (CP) (ASR) (P2C)
13.37 44.65
. v | 1216 | 41.95
Librispeech
v 12.13 41.56
v 11.08 39.92
9.97 34.08
v 8.88 32.25
CSJ
v 8.73 31.76
v 8.61 31.69

LTW3., #8F—RIECSIDFFRAMF—&%
MRLTED, TFAANEERTFR L, TFL
HAEXFT %2 b e LTFRE T

4.4 HEER

wav2vec 2.0 D HCOHEND D FEH L Bl ~RY >
OPFFHICED, FVELERRZEH L 20K
PERRSE & D & I B 1) 2 EERRESR % Table 112
Y. HOHEMD HZEFCBI) 2 EFIERYEY
T—ROMK, THIEMIRY Y TORMICES
fERZ L CW5s. FHMEHEEIZ —OHELTED,
— D3 ASR E TV K % BRaBilf R B R D R
(Phoneme Error Rate; PER) TaHifiL7zd @, =D
HIZERTHMERZ P2C 7T F A M ET AV TLFET F
A MTEHLL, XFFRD H (Character Error Rate;
CER) CiHfiL 7z b DTH 5.

F3EHRRDE (PER) ZHIMNIHERZHER L TV
. EBRREID, @EESEFL L THEETFTHD
Librispeech & D HAFEEFTH % CSJ OF5Hiilak!E
HEDEBNTWB Z b b, ZAUIFHlEEE D HAR
EEEEHELTCVWEDT, BEESH DHAESH
PHELTWEEHEEZILNE. RMEFEER L L
T CSI ZHWGEITBWT, SUTNY > 7 %217
DI (w/o PL), MPEREE D Z NUMEL EHIC K
2 HCHEID D EE (SSL(CP)) oFfx L3 5 &,
FEid 5 2 & TRRMMAEED M ELTWS Z e hby
% (9.97%—8.73%). THKD, F~MELEHE %A
W HCHE D D FZEHOBRKRTOMREMHERTE 5.
F7-, R E O 5 NV LEEIC K B HOHEN
HHFEEZITHTIC (w/o SSL(CP)), I ~
7 (PL) DR ILET 2 ¢, FEiis 3 Z & TRt
BRI ELTWS 2 e 5hh 5 (9.97%—8.88%). =
nED, BELIRY  TBRKTOMR DR TE 5.
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Table 2 PERs of pseudo-labels (PL).

SSL SSL | PER[%]
(Normal) | (CP) (PL)
25.45
Librispeech
v 22.33
20.04
CSJ
v 16.25

ZLT, INVELEFICE2EHCHED DR
SN U 7RIS 22T, REIERES XD
MELTWSZEDHRETE S (9.97%—8.61%). Z
NI, BEFEEFE & LT Librispeech & W
7HETHRMICHEETZ 5.

%72, XFHD K (CER) TiMii L 72454, HHM
DRDGELRAMBICSNNVELSEZIEHT2 2,
T, PREMERER I LT 5 Z e SRR T X, H AN
HYHFBREEMUTRNY 7 EHHALBERRDE
WiER Y Iz o7z, 2L, BFRRDBHPHIIWVIFY,
FHERXFIERLLTVWEEZ LN, SHBOUR
12X o TASR BTV (BERadak) Oadanltae 2 m) L
58T, IHLIILFERYDELZRET S Z LHA]
HEr BEbh 3.

4.5 BUSRNILOBE

Fig. 1 @ Step3 THEM L 728U TNV EH WS Z &
T, Fig. 2D Stepd D X 512 ASR ETLD¥EHICTE
WCINNVELEFZEHT 522N TEL. 22T
1%, Step3 THR L /2RI T NV OFEE 2R T 5.
Table 2 IZEHU 7 L DOREE % HEEA D F (PER)
TaM L 724512 RS, HEHED D 238 08 FIE
RFHLETF— RIS > THBLTWS. #RLD,
HOHA D D B IHIEMREE D 7 NV LEH &
EHLUEAGDBRWHREL 2o T Wb, BELLS LR
DEEDTZIRNVEDT, ASR O2EHIHEHT 3 E
TIRNLDEDIFDRWZ e REE LW, HEH
flidd D2EBIZBIT 2 I NVELEHEDIEHICE - T,
TRV DRD BHEZEL TVB e bbb,

5 &bHDIC

AHFZETIX, MRS OFHRRHRICBIT 37— &
REDMEZUET 27212, MMEHEE D 5 L
LS EIER T 2 2 e 2ET L2, A DHAT
RIS BT 5 wav2vece 2.0 12 &k 2 HEZ D h 22512
Mz, SEHEFZICET R > X3 5ERMNZ,
2 DDiEZHH U TIKEREE O Z VLS %2
EH 2 Z 2 CRBMMERED M L5 2 e RHER L /-
72, P2C T HFAMETARZHVTEERDL O XFIZ
BT BT, TR L iHlidEHL. 5
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BOIERE LTI, XFRREIT S 720D P2C £T
MZELT, ANWEROMY ITHEERET VICHE
TEZeEMET .

HEF  AWEO—ENE, JST X &3 JPMJPR23I7
B XU ISPS BHff#E JP21H00906, JP22K12168 D7
BEZIR0THS.

BE 3

[1] R. Takashima et al., “Two-step acoustic model
adaptation for dysarthric speech recognition,”

in ICASSP, pp. 6104-6108, 2020.
[2] Y. Matsuzaka et al., “Data augmentation for

dysarthric speech recognition based on text-
to-speech synthesis,” in LifeTech, pp. 399-400,
2022.

[3] KM BB fth, “wav2vec 2.0 1IT K 2 TNV H
i % W7 i MRS O S SR, AN S B R
MEERFER R SEE, pp. 1317-1320, 2022.

[4] Q. Xu et al., “Tterative pseudo-labeling for
speech recognition,” in Interspeech, pp. 1006-

1010, 2020.

[5] A. Baevski et al., “wav2vec 2.0: A framework
for self-supervised learning of speech represen-
tations,” in NeurIPS, vol. 33, pp.12449-12460 ,
2020.

[6] Q. Xu et al., “Self-training and pre-training
are complementary for speech recognition,” in
ICASSP, pp. 3030-3034, 2021.

(7] EEGER M, BRI RV > 7 KRB 2
M UMEREEE SRR, AARETEERNT
R R TFEGR R, pp. 847-850, 2021.

[8] Y.-A. Chung et al., “An unsupervised autore-
gressive model for speech representation learn-

ing,” in Interspeech, pp. 146-150, 2019.
[9] A. Kurematsu et al., “ATR Japanese speech

database as a tool of speech recognition and
synthesis,” Speech Communication, Vol. 9, No.

4, pp. 357-363, 1990.
[10] K. Mackawa, “Corpus of

Japanese:

spontaneous
Its design and evaluation,” in
ISCA & IEEE Workshop on Spontaneous
Speech  Processing and Recognition (SSPR

2003), pp. 7-12, 2003.
[11] V. Panayotov et al., “Librispeech: An asr cor-

pus based on public domain audio books,” in

ICASSP, pp.5206-5210, 2015.
[12] T. Ko et al., “Audio augmentation for speech
recognition,” in Interspeech, pp.3586-3589,

2015.

2024431



