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In this study, we investigate voice conversion algorithms to improve
intelligibility of speech uttered by a patient who has articulation disorders because of wide
glossectomy and/or segmental mandibulectomy. To achieve real time processing, voice conversion
directly modifies waveform using spectrum differential between a healthy speaker and a glossectomy
speaker. The spectrum differential is estimated by Deep Neural Networks(DNN). To improve the
performance, we proposed to use lip shapes as auxiliary inputs and to introduce knowledge
distillation approach to make best use of phoneme labels as auxiliary inputs. Experimental results
showed that both approaches work well, and phoneme labels with knowledge distillation has better
performance than the usage of lip shapes.
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