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Review of Talking Face Generation
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2 Center for Research on Intelligent Perception and Computing, National Laboratory of Pattern Recognition, Institute of Automation,Chinese
Academy of Sciences,Beijing 100190, China

3 Institute of Computing Technology,China Academy of Railway Sciences Corporation Limited, Beijing 100081, China

Abstract Talking face generation is a popular research direction in the field of visual generation.which aims to generate realistic
speaker videos based on multimodal input data. Talking face generation has broad application prospects in video media,game ani-
mation and Internet-related industries,and it could also provide data support for the research of tasks such as lip reading recogni-
tion.fake identification and digital human generation. The existing mainstream methods have been able to achieve talking face
generation with personalized attributes and audio-visual synchronization, but they fail to meet the requirements of emerging appli-
cation scenarios such as virtual reality, man-machine interaction and metaverse. Sothestudyof talking face generation is of great
significance for promoting the development of related industries. This paper sorts out and summarizes the research status of tal-
king face generation. First. itelaborates the research background and related technologies of talking face generation, then intro-
duces the mainstream generation methods in recent years according to the method classification, sorts out the audio-visual datasets
and evaluations commonly used in the research,and finally summarizes the problems in the existing methods,and analyzes the po-
tential research direction of talking face generation in the future.

Keywords Face generation, Video generation, Image generation, Deep learning, Multimodal learning, Face reconstruction, Deep

fake,Computer vision
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Fig. 1 Development of talking face generation methods



SRWT L A5 LR A T S BUIR 5 & R

71

3 WMEBANERTERBERE

A SCAR A8 A [a] ) 4 AT 2 71 28 2008 U 3 N A T 5 15 AT
e LR EWA VLT NSO L R IR ME 1 iR, it
SNBUA J7 IR B A AR S T SRR AR A TR A E e T % .
2T U AN A BT IR I A B R T A 4R
O ARURRAIE . 1) s DA PR A5 A A0 v £ BB 15 R, R T AR
[F 4 350 I 2 7 % o R R A AR S A TR 2 ) A 2R R
B BETE N . AT 4 5 BAR 7 ik 3 260 BRI 4 R AT
B U AR T YR IR B 254

SN

HFAE 7 18] ATk i U

B2 BT NAE R R
Fig. 2 Basic process of talking face generation
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Fig. 3 Example of talking face generation methods based on

3D face reconstruction
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Fig. 4 Dense motion field map of human body
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Fig. 5 Example of talking face generation methods based on audio

feature
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Table 2 Character audio-visual datasets
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