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Attention-based Audio-driven Digital Face Video Generation Method

GUO Xingxing'? ,XIAO Yannan'?,WEN Peizhi""**,XU Zhi""* and HUANG Wenming'**
1 School of Computer and Information Security,Guilin University of Electronic Technology,Guilin, Guangxi 541004, China
2 Guangxi Key Laboratory of Image and Graphics Intelligent Processing, Guilin, Guangxi 541004, China

3 School of Information Engineering,Guilin University of Information Technology,Guilin, Guangxi 541004, China

Abstract The key challenge in audio-driven digital face video generation lies in aligning the information from two different mo-
dalities,audio and video,to achieve lip synchronization. Existing technologies have primarily been developed using English data-
sets. However,due to the phonetic differences between Chinese and English, directly applying these methods to Chinese audio-
driven face video generation results in issues such as blurred teeth and insufficient video clarity. This paper proposes M-CSA-
Wav2Lip,an audio-driven digital face video generation method based on a GAN framework and enhanced by an attention mecha-
nism. The method combines MFCC and Mel Spectrograms for audio feature extraction. By leveraging the temporal dynamics of
MFCC and the frequency resolution of Mel Spectrograms,the method captures subtle variations in speech information comprehen-
sively. During the digital face generation processsa network architecture based on attention mechanisms and residual connections
is employed. This architecture uses weighted channel and spatial attention mechanisms to enhance the importance of features,im-
proving the ability to extract key audio and video features. This allows for the effective encoding and fusion of Chinese audio-video
information, generating lip movements and facial videos that are consistent with the audio content. Finally, the model is trained
and tested on both a custom Chinese dataset and a general dataset. Experimental results demonstrate that the generated lip-synced
digital face videos show improvements in both accuracy and quality.
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Fig. 4 Comparison results of different methods
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Table 1 Comparison results between CLLR and LRS2 datasets
- CLR LRS2

LSEDY LSECH* SSIM A PSNR 4 LSEDY LSECH* SSIM A PSNR 4

R LA 8. 063 6.510 1. 000 N. A. 7.934 6.508 1. 000 N. A.
ATVGnet(2019) 9. 869 4,931 0.792 30. 454 8.823 5.584 0.785 30. 627
Wav2Lip(2020) 9.505 5.212 0. 835 31.274 8.491 6.362 0.837 31. 454

PC-AVS(2021) 9.524 5.016 0.764 30.090 8.643 6.138 0.792 30. 281

AD-NeRF(2021) 9.492 5.003 0.781 30. 264 8.631 6.192 0.815 30.761
Diff2Lip(2023) 9.362 5.164 0.816 30.392 8.513 6.298 0.843 30.997
A A 8.318 6. 488 0.890 31.594 8. 364 6. 340 0. 851 31.536

4.2.3 HRRERE F 2 CLR LM bS50 i X Lh 2% 2
SR VA A A A 4R BT = N 3 RN A3 ] VE = S AL A Table 2 Comparative results of ablation experiments on CLR

BTG S () 5 M AR SCHEAT T Rl SR I L AR N R 2 T A
Hrf, MFCC-Wav2Lip f{ 3 R I MFCC #F 17 ¥ 45 5§ 4T 19 42
B, M-Wav2Lip %/~ Mel Spectrogram 5 MFCC @& i & i
FAE SR IS 15 CAT-Wav2 Lip 375 8 BR800 4L
i, SAT-Wav2Lip $84¢ F F 25 8] 3 2 J1 HL i . CSA-Wav2Lip
e LR 55 5 38 38 A0 23 1) T T AL

7k LSEDy LSEC* SSIM* PSNR 4
Wav2Lip 9.505 5.212 0.835 31.274
MFCC-Wav2Lip 9.357 5.291 0.839 31.498
M-Wav2Lip 8.916 5.549 0. 846 32.901
CAT-Wav2Lip 8.748 5.831 0.862 33.179
8 5 0

8 5 0

SAT-Wav2Lip .792 . 749 . 870 33.032
CSA-Wav2Lip . 634 . 891 . 887 33.319

A A A 8.318 6. 488 0.890 33.594
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Table 3 User studies of different audio-driven methods

VR EEZiDd AR E EERE
ATVGnet 2.831 2.935 2.916
Wav2Lip 3.437 3.359 3.408
PC-AVS 3.317 3.108 3.219
AD-NeRF 3.392 3.307 3.165
Diff2Lip 3.419 3.401 3.412
A A 3.921 3.516 3.734

BERIE RSO A T R AL A R S A
R AT AR AR B M-CSAWav2lip, |5 78 55 81 v SO 20 iR &
AR 8 1) 20, i oo B A A SRR Y B, 2 R T A
SO & CLR BEAT 1%, R Al Mel Spectrogram fil MF-
CC Rt & 19 SRASAT $2 HUCEOR A BRI T B S B 5 31 ey
FIE B LIRS BE A o R B AL PR D s TR OCBE MR AL BT AE
T 02 (813 5y AL L 39 ik T A AR AT B BURE 7 L AT 2R Ay BL
FNRRNE G E M AR, LRER RV T 7 WL
R EWIF AR F . M-CSAWav2lip 518 3 @ 7w 48 4 i 1k
fE . (AR SRS Y 2 BRI 5 5 490 0 JiS A 20 4 1) ) 2 1 DA R e
HLAT 4 355 WA 132 7 THD 350 155 28 9 30K 41 R0 4% 1R () 2 Sl 4R 5 T 47
AR T 78RR BB T b 253 — 2 28 3R B T 40 80 o R A5

P AIE [ 2 2 A G 25 e SR A RY , A5 A= B A0 B0 N T OO g
SN AN B AR R I .

2 % X M

[1] WANG J, QIAN X.,ZHANG M, et al. Seeing what you said:
Talking face generation guided by a lip reading expert[ C]//Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2023:14653-14662.

[2] CHEN L,MADDOX R K,DUAN Z, et al. Hierarchical cross-
modal talking face generation with dynamic pixel-wise loss
[C]// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2019:7832-7841.

[3] PRAJWAL K R,MUKHOPADHYAY R,NAMBOODIRI V P,
et al. A lip sync expert is all you need for speech to lip genera-
tion in the wild[CJ // Proceedings of the 28th ACM International
Conference on Multimedia. 2020 :484-492.

[4] ZHOU H,SUN Y,WU W,et al. Pose-controllable talking face
generation by implicitly modularized audio-visual representation
[C1// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2021:4176-4186.

[5] GUO Y,CHEN K,LIANG S.et al. Ad-Nerf: Audio driven neu-
ral radiance fields for talking head synthesis[ C]// Proceedings of
the IEEE/CVF International Conference on Computer Vision.
2021:5784-5794.

[6] MUKHOPADHYAY S,SURI S,GADDE R T,et al. Diff2lip:
Audio conditioned diffusion models for lip-synchronization[ C]//
Proceedings of the IEEE/CVF Winter Conference on Applica-
tions of Computer Vision. 2024 :5292-5302.

[7] MISTRY D S,KULKARNI A V. Overview:Speech Recognition
Technology, Mel-Frequency Cepstral Coefficients(MFCC) , Arti-
ficial Neural Network (ANN) [J/OL]. https://www. ijert. org/
research/overview-speech-recognition-technology-mel-frequency-
cepstral-coefficients-mfcc-artificial-neural-network-ann-1JERTV
215100586 pdf.

[8] TRAN T, LUNDGREN ]. Drill Fault Diagnosis Based on the
Scalogram and Mel Spectrogram of Sound Signals Using Artifi-
cial Tntelligence[J]. TEEE Access»2020,8:203655-203666.

[9] LI H,QIUK,CHEN L,et al. SCAttNet: Semantic segmentation
network with spatial and channel attention mechanism for high-
resolution remote sensing images[ J ]. IEEE Geoscience and Re-
mote Sensing Letters,2020,18(5):905-909.

[10] QIN Z.ZHANG P.WU F,et al. Fcanet: Frequency channel at-
tention networks[ C] // Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. 2021:783-792.

[11] GUO M H,XU T X,LIU J J,et al. Attention mechanisms in
computer vision: A survey[ J]. Computational Visual Media,
2022,8(3):331-368.

[12] CHUNG J S,ZISSERMAN A. Out of time:automated lip sync
in the wild[ C7J // Computer Vision — ACCV 2016 Workshops:
ACCV 2016 International Workshops. 2017:251-263.

[13] J1 Y, YU Y Q. Optimization algorithm for speech facial video



252

Com puter Science

PRI Vol. 53, No. 2, Feb. 2026

[14]

[15]

[16]

[17]

[18]

[19]

generation based on dense convolutional generative adversarial
networks and keyframes[ ] ]. Journal of Jilin University ( Engi-
neering and Technology Edition) ,2025,55(3) :986-992.
AFOURAS T,CHUNG J S.SENIOR A.,et al. Deep audio-visual
speech recognition[ J ]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2018,44(12) :8717-8727.

SON C J,SENIOR A, VINYALS O,et al. Lip reading sentences
in the wild[ C] // Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition. 2017:6447-6456.
CHUNG J,ZISSERMAN A. Lip reading in profile[ C] / Ritish
Machine Vision Conference. British Machine Vision Association
and Society for Pattern Recognition,2017.

ZHAO Y, XU R, SONG M. A cascade sequence-to-sequence
model for chinese mandarin lip reading[ C]// Proceedings of the
1st ACM International Conference on Multimedia in Asia.
2019:1-6.

ZHAO Y, XU R, WANG X, et al. Hearing lips: Improving lip
reading by distilling speech recognizers[ C] // Proceedings of the
AAAI Conference on Artificial Intelligence. 2020:6917-6924.,
PARK S J,KIM M, HONG ], et al. Synctalkface: Talking face
generation with precise lip-syncing via audio-lip memory[ C] /
Proceedings of the AAAI Conference on Artificial Intelligence.
2022:2062-2070.

[20]

[21]

LIANG B,PAN Y,GUO Z,et al. Expressive talking head gener-
ation with granular audio-visual control[ C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2022 :3387-3396.

DUCHI J,HAZAN E,SINGER Y. Adaptive subgradient meth-
ods for online learning and stochastic optimization[ J]. Journal of

machine learning research,2011,12(7):2121-2159.

GUO Xingxing, born in 1998, postgra-
duate. Her main research interest is

digital image processing.

XIAO Yannan, born in 1990, postgra-
duate, engineer. His main research in-
terests include artificial intelligence and

image-based 3D reconstruction.

GRAE i AT



