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cerebral palsy
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Abstract

In this study, we aim to develop speech recognition technology to facilitate smooth communication for people with
articulation disorders, especially those with cerebral palsy. Since people with cerebral palsy often have difficulty with limb
movements, speech recognition devices that can be operated hands-free are attractive and expected to be utilized. However, the
speech style of people with cerebral palsy differs significantly from that of unimpaired people, and existing speech recognition
models often have difficulty in recognizing it.

Therefore, this study focuses on the speech recognition model Whisper published by OpenAl, which is a multilingual
speech recognition model trained on 680,000 hours of multilingual data collected from the internet. It boasts high recognition
performance for Japanese speech, but its recognition accuracy for dysarthric speech is not good. Thus, in this study, we investigate
fine-tuning of Whisper with Japanese dysarthric speech. As a result, a significant increase in recognition rates was confirmed
compared to before the training. In addition, since people with cerebral palsy have difficulty in recording many voices due to the
physical and mental strain of speech, we also conducted an experiment in which English dysarthric speech was also learned. As a

result, the error rate was improved by about 1% compared to the case where only Japanese dysarthric speech was learned.
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