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Speech-driven Articulator Motion Synthesis with Deep Neural Networks

TANG Zhi' HOU Jin'

Abstract This paper implements a deep neural networks (DNN) approach for speech-driven articulator motion synthesis,
which is applied to speech-driven talking avatar animation synthesis. We realize acoustic-articulatory mapping by DNN.
The input of the system is acoustic speech and the output is the estimated articulatory movements on a three-dimensional
avatar. First, through comparison on the performance between ANN and DNN under a series of parameters, the optimal
network is obtained. Second, for different context acoustic length configurations, the number of hidden layer units is tuned
for best performance. So we get the best context length. Finally, we select the optimal network structure and realize the
avatar animation by using the articulatory motion trajectory information output from the DNN to control the articulator
motion synthesis. The experiment proves that the method can vividly and efficiently realize talking avatar animation

synthesis.
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Fig.6 Comparison on the estimated articulatory motion trajectories between ANN and DNN
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Table 1  Effect of the length of the context window on
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26 0.134
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Fig.7 Snapshots from the lip animation
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