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ABSTRACT

Conventional approaches to statistical parametric speech synthe-
sis typically use decision tree-clustered context-dependent hidden
Markov models (HMMs) to represent probability densities of speech
parameters given texts. Speech parameters are generated from the
probability densities to maximize their output probabilities, then a
speech waveform is reconstructed from the generated parameters.
This approach is reasonably effective but has a couple of limita-
tions, e.g. decision trees are inefficient to model complex context
dependencies. This paper examines an alternative scheme that is
based on a deep neural network (DNN). The relationship between
innnt texts and their aconstic realizations is modeled by a DNN. The
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HMM through a binary decision tree, where one context-related bi-
nary question is associated with each non-terminal node. The num-
ber of clusters, namely the number of terminal nodes, determines
the model complexity. The decision tree is constructed by sequen-
tially selecting the questions which yield the largest log likelihood
gain of the training data. The size of the tree is controlled using a
pre-determined threshold of log likelihood gain, a model complexity
penalty [14,15], or cross validation [16,17]. With the use of context-
related questions and state parameter sharing, the unseen contexts
and data sparsity problems are effectively addressed. As the method
has been successfully used in speech recognition, HMM-based sta-
tistical parametric speech synthesis naturally employs a similar ap-
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