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ation generation, overcoming the complexity of face geometry has always

Abstract: In the field of
etter meet this challenge, this paper proposes an innovative approach which uses
audio features that gone one-dimensional convolutional stacking and self-attention extraction as input, and
generates facial animatiofspfrom audio signals using a Transformer model. During the process, a time auto-regression
model is used to gradually synthesize facial movements. Experiments on BIWI dataset show that this method has suc-
cessfully reduced the lip vertex error rate to a satisfactory 6.123%, with a synchronization rate 79.64% higher than
MeshTalk. This means that the proposed method performs well in lip synchronization and facial expression generation,
and shows high potential in accomplishing facial animation generation tasks. It provides directions and reference for fu-
ture related research.

Key words: animation generation; auto-regression; deep learning; lip synchronization; Transformer
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Fig. 1 Flow chart of labial synchronization model
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Tab.1 One-dimensional convolution layer parameters
EBRZ BB EAS 5 IR RGBS
Convl 3 1 1 64
Conv2 ) 2 2 128
Conv3 3 1 1 256
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Tab.3 Comparison of lip shape error rates

Jith JE IR AR AR/ %
MeshTalk 8. 434
FaceFormer 7.242
KI5k 6.123




62 BT AR

20234F12H

3.4 EXFEZENERER

N AR SRR 25 8 RE A% B A%t 200 1) T #5032 RO [)
o PR TR & 9K Sl Y TS 2l AT 55 o, SSRGS 2
—ARAENER, ACHSTT TP EAENR IS
MeshTalk,FaceFormer 1 Ground Truth(GT) #E47 845 H 1
B KM A/B PR IT A4 Fh 8 B LD DA L
¢ RV 8 B T R S R DR SRR ik LA, X T
BIWL 735l A BIWT-test-B FrBfATLEEHR 30 MFEAS , 75 21 DU A L
LAGRECE S W VAT R TB I SN N R A R TR S i
RELE S AT LIR30 55 I AT 8 250 S S XU o R AR SO T
BIWl-test-B A& T 120 X A 1 B, 3% 30 MREA 4 XTI 4
2D 3 BAFE M STEE 53 I R A SRR B 372 41T
e, 2 4 HBERIAE AL BIWETest-B b4 ] 7 2% 3 45
SRR L, 43 50 LT [ 25 8 0 LS AR, i BH A ST 2 0 v A
H MeshTalk il FaceFormer 4 %5 . 3 AT,

4 7 BIWI-Test-B LRy AIVEM 3T tE
Tab.4 Comparison of perceptual ratings on BIWI-Test-B

BRI Lk 2%/ % YL/ %
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ARSI L GT 22. 14 46. 05
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Fig. 2 Generating results from audio to facial animation
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