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Text-to-speech synthesis (TTS) technology, which synthesizes natural speech waveforms from
input texts, can now realize high-quality synthesis in real-time only using CPUs, thanks to recent
advances in neural network-based methods. NICT has also introduced multilingual neural speech
synthesis using state-of-the-art technologies in VoiceTra®, a speech translation application for
smartphones. This paper briefly introduces neural TTS acoustic models which predict acoustic
features from input texts, neural speech waveform generative models which synthesize speech
waveforms from acoustic features, end-to-end TTS models which directly synthesize speech wave-
forms from input texts without intermediate acoustic features, and related neural TTS models that
NICT has been working on.
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