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Abstract

Speech-driven 3D facial animation is a very attractive research topic in computer vision and graph-
ics. In addition to being interesting, it has a wide range of applications, such as game animation, 3D
video calls, and 3D avatars of AR/MR. Due to the complexity and uncertainty of facial movements,
previous methods have drawbacks such as inaccurate lip shape and poor facial dynamics. Unlike
previous methods, we use a new two-stage approach. In the first stage of model training, we use a
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variational autoencoder to map high-dimensional complex faces into low-dimensional space, fully
learning facial motion priors. In the second stage, the Transformer performs latent code queries
based on the learned facial prior based on the input speech signal, and generates facial motion
sequences through regression. This can reduce the difficulty of generating facial animation, re-
duce mapping blur, and obtain vivid facial speech animations on any specified audio. It has been
verified that our method has advantages in lip shape and facial dynamics compared to advanced
methods.
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Figure 1. Schematic diagram of vertex
mesh in flame model
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Figure 2. Schematic diagram of variational automatic encoder
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Figure 3. Workflow of speech driven facial animation synthesis
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Table 1. Comparison of lip errors between different models

= 1. TRIERNERELR

1% LME (10~ mm)
VOCA 7.642
Ours 5.574

HIE 2, UEBIARSr A 30227 e a7 2] BB B AT B T W @ sh 1 & e, I AR A AR E = 4
W A2l AR AT 55 B AT R

Table 2. Ablation experiment of facial prior codebook
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erated results (right)
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I will sit down to share a Thanksgiving filled with family and friends.

Figure 5. Visualization of facial movements with different pronunciations
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Happy Sad Angry Fear Disgusted

Figure 6. Comparison with SOTA method in facial dynamics
(first line of this method)
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Table 3. User study on the quality of facial animation generation
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