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Abstract This paper proposes a speech synthesis framework based on deep Gaussian processes (DGPs). DGP is

a Bayesian deep learning model that is composed of stacked Gaussian process regression. In our preliminary ex-

periments, DGP-based system yielded more natural-sounding synthetic speech than DNN-based one. However, the

performance evaluation of DGP had not been done in detail. In this paper, we perform speech synthesis under vari-

ous experimental conditions with chainging kernel function and the number of layers, and examine the relationships

between acoustic feature distortions and model architectures.
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Fig.1 Graphical representation of DSVI-DGP.
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Fig.2 Example of kernel functions.
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