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A mapping model of facial features and
speech features based on Bi-LSTM

LIU Yi, JIN Xiaofeng”
( College of Engineering s Yanbian University s Yanji 133002, China )

Abstract: Aiming the issue of mapping model between facial features and speech features in face animation
technology, a mapping model learning method based on Bi-LSTM is proposed. Firstly, both MFCC parame-
ters of speech and the facial landmark parameters of video frame are extracted concurrently from training video
clips. Secondly, the mapping model is converged gradually by iterative training process with inputting MFCC
parameters to Bi-LSTM network and expecting the corresponding facial landmark parameters as output. In the
meantime, approaches of fine-tune is applied to obtain best mapping model by experimental method, such as
best epoch times, number of hidden layers, batch size and type of optimizer. The best mapping model experi-
mental results show that Bi-LSTM is significantly better than LSTM, and the mapping accuracy reaches 0.895
after parameter fine-tuning. Therefore, the proposed method can provide effective facial predictive landmark
parameters for applications of speech-driven face video synthesis.
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