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Fig. 1 Two-step model adaptation
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Table 1  Acoustic model structure. TDNN (—i, 0,
+7j) means a TDNN layer splicing inputs of (¢ — 7)-
th, ¢-th, and (¢ + j)-th frames, where ¢ denotes the

index of the current frame.
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‘ Layer

Fully-connected + ReLU
TDNN (-1, 0, +1) + ReLU
Fully-connected + ReLU
TDNN (-1, 0, +1) + ReLU
Fully-connected + ReLU
TDNN (-3, 0, +3) + ReLU
TDNN (-3, 0, +3) + ReLU
TDNN (-3, 0, +3) + ReLU
TDNN (-3, 0, +3) + ReLU
Fully-connected + ReL.U
Output

olo|u|o|o|s|w| |-

—_
o

—_
—

ZA U7z 220 Kot DR EEE H\W-, SEETIL
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Table 2 Adaptation and evaluation data.

Set Dysarthria | Script | #Utts for | #Utts for
adaptation | evaluation
CSJ-evall 1,272
CSJ-eval2 CSJ 1,292
CSJ-eval3 1,385
ATR-FKN No 0 303
ATR-FYM 303
ATR-MSH 303
ATR-MTK 303
DYS-SPK1 ATR 200 229
DYS-SPK2 200 300
DYS-SPK3 Yes 200 303
DYS-SPK4 200 301

Table 3 OOV rates of evaluation datasets.

‘ Set ‘ OOV rates [%)] ‘
CSJ-evall 4.87
CSJ-eval2 5.02
CSJ-eval3 7.61
ATR-FKN, FYM, MSH, MTK 14.85
DYS-SPK1 15.06
DYS-SPK2 14.51
DYS-SPK3 14.85
DYS-SPK4 14.23
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Table 4 WERs [%] of non-dysarthric evaluation
sets on the baseline SI non-dysarthria model.

[ Sset  [WER[%] |
CSJ-evall 10.79
CSJ-eval2 8.86
CSJ-eval3 10.55

ATR-FKN 28.00
ATR-FYM 23.67
ATR-MSH 23.39

ATR-MTK 27.21

Table 5 WERs [%)] of dysarthric evaluation sets on

the baseline SI non-dysarthria model.

[ Set [ WER[%] |
DYS-SPK1 82.28
DYS-SPK2 | 132.50
DYS-SPK3 116.48
DYS-SPK4 | 95.88
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Fig. 2 SI/SD dysarthria model training ap-

proaches.
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Table 6 WERs [%] of two approaches to train the
SI dysarthria model.

Method w/o adaptation | 1-step adaptation

Source Scratch SI non-dysarthria

model model
DYS-SPK1 44.83 43.29
DYS-SPK2 59.85 59.07
DYS-SPK3 70.25 67.74
DYS-SPK4 62.08 59.19

Table 7 WERs [%)] of three approaches to train the
SD dysarthria model.

Method w/o 1-step 2-step

adaptation | adaptation | adaptation
Source SI non- SI

model Scratch dysarthria | dysarthria

model model

DYS-SPK1 52.35 40.20 36.41

DYS-SPK2 73.83 65.21 54.66

DYS-SPK3 80.28 75.12 67.30

DYS-SPK4 67.58 59.98 56.28
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