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Abstract

Research on voice-driven 3D facial motion primarily focuses on expanding 3D facial motion data
for multiple speakers and obtaining high-quality audio features. However, the collection of 3D fa-
cial motion data often entails high costs and a labor-intensive annotation process. Additionally,
having a limited amount of data samples for a single speaker can make it challenging for models to
obtain high-quality audio features due to data sparsity. To address this issue, this study draws in-
spiration from temporal tasks and applies the concept of Smoothed Dynamic Time Warping
(Soft-DTW) to the cross-modal alignment between speech features and facial mesh vertices. Expe-
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rimental results have shown that using Soft-DTW as a loss function leads to improved lip synchro-
nization in generating facial animations compared to using Mean Squared Error (MSE). This ap-
proach enables the synthesis of higher-quality facial animations.
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Figure 1. Model network framework
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Figure 2. Comparison of visual results
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