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Abstract We present in this paper an end-to-end speech recognition system for a Japanese person with an articu-
lation disorder resulting from athetoid cerebral palsy. The movements of such speakers are limited by their athetoid
symptoms, and their utterances are often unstable or unclear, which makes it difficult for them to communicate.
Therefore, the performance of automatic speech recognition (ASR) systems for people with an articulation disorder
degrades significantly. Recently, deep learning approaches to speech recognition have seen much progress. These
techniques require a large amount of training data, however, the amount of data from people with articulation disor-
der is limited due to their athetoid symptoms. This paper proposes a data augmentation method using not only the
speech data of a Japanese person with an articulation disorder but also the speech data of a physically unimpaired
Japanese person and a non-Japanese person with an articulation disorder. We employ an end-to-end ASR model
based on the listen, attend and spell (LAS) model which has an acoustic module and a language module. In our
proposed model, the acoustic module is shared between people with dysarthria, and a language module is assigned to
each language regardless of dysarthria. The effectiveness of this approach was confirmed through word-recognition
experiments where our proposed method outperformed a method based on the conventional LAS model.
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Fig.1 Example of spectrogram uttered for /Juchiawase/of a
physically unimpaired person (top) and a person with an

articulation disorder (bottom).
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Fig.3 Overview of our proposed model.
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Table 1 Dataset statistics of Japanese people with the articula-

tion disorder.

Speaker # words # repetitions # utterances

MKO1 204 3 612
MMO03 210 5 1,050
MKO04 216 5 1,080
MYO05 215 3 645
MNO06 213 3 639
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Table 2 PER (%) and word recognition accuracy (%) of a model
trained on speech data of a physically unimpaired person

only.

Test speaker PER  Word recognition accuracy

MAU 6.65 96.30
MKO1 103.81 1.96
MMO3 105.79 0.48
MKO04 91.13 2.31
MYO05 80.02 3.26
MNO6 99.55 0.94




#3 HAANEHEZELHAANMEREEZOGAZMVWTEEINE

TV DRGSR
Table 3 PER (%) and word recognition accuracy (%) of a model
trained on joint speech data of a physically unimpaired

person and a person with an articulation disorder.

Test speaker PER Word recognition accuracy

MAU 11.70 93.98
MKO01 43.33 48.53
MAU 11.06 91.67
MMO03 32.42 63.33
MAU 11.64 90.28
MKO04 25.37 72.69
MAU 9.43 93.06
MY05 46.26 43.72
MAU 9.65 93.06
MNO06 48.79 31.92
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Fig.4 Word recognition accuracy (%) for each method.
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Table 4 Example of ASR results for MK04 predicted from our

proposed method. “pau” indicates the pause.

Ground Truth | pau ur ay a- m a sh ii pau
Predicted

pauumaaaasii pau

Ground Truth | pau d a ky ou pau
Predicted

pau d a k ou pau

na.
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