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Fig. 1 Training procedure of the automatic speech recognition (ASR) model.
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Table 1 Experimental results in terms of PER [%].

Pseudo | Feature | Multitask
Method . . . PER [%]
labeling | learning learning
Baseline 22.0
Pseudo-labeling (PL) v 19.0
Feature learning (FL) v 18.8
PL + FL v v 18.3
PL + FL + Multitask v v v 17.4

CHHEEFEE RO ZNENOFHE T — X %255 L7z
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725 % % Unidirectional LSTM &, Z®DHED 42 X
TTD / — F&FFD Softmax DS @D SRR I NS,
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Table 2 The correlation between PERs [%] and the number of training data for ASR.

Number of labeled data 100 | 200 329 329 | 329 329 329
utterances unlabeled data — - — 171 | 671 | 1,171 | 1,320

Baseline 36.8 | 28.2 | 22.0 — - - -
Pseudo-labeling (PL) - - - 1212206 | 19.8 | 19.0

Method
PL + FL - - - 20.2 | 20.2 | 18.3 | 18.3
PL 4+ FL + Multitask - — - 177 | 17.7 | 176 | 17.4
T — R DFFEBOMRERLTED, #ELZ ~VEH [5] Y. Takashima et al., “End-to-end dysarthric
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