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Abstract: To address the limitations of existing audio-driven talking face generation methods in
terms of video clarity and realism, an end-to-end talking face generation method called VisClearTalk
which incorporates multi-scale visual enhancement is proposed in this paper, and a face decoder
with a visual enhancement module is proposed. First, the face encoder processed a random
reference frame and a prior frame with the lower half of the face occluded to extract facial
features. Simultaneously., the audio encoder extracted features from the audio to guide facial
content generation. Subsequently, the face decoder integrated these features and performed an
initial reconstruction of facial images through convolutional modules. Finally, the visual enhancement
module employed multi-scale convolution and residual fusion to further enhance the details and
edge information of the lower face region, improving the visual quality of the generated talking

face videos. The VisClearTalk model was experimentally validated using public lip-reading
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datasets, with both quantitative and qualitative results demonstrating that the introduction of the

visual enhancement module effectively improves the fineness and realism of facial visual content,

enabling the generation of clear and natural talking face videos. In terms of performance metrics,

the peak signal-to-noise ratio reached 34.349 dB, structural similarity reached 0.933, and

learnable perceptual image patch similarity was reduced to 0. 040. The VisClearTalk model offers

a viable solution for current talking face videos generation needs.

Keywords: audio-driven; talking face generation; visual enhancement; visual quality
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Fig. 3 Multi-scale convolutional block network
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Table 2 Quantitative performance metrics for the generated

examples in Fig. 5

o/dB s l
BER
iy % T B & 5
HyperLips 33.293 32.863 0.914 0.917 0.059 0.053
DINet 33.133 33.739 0.921 0.927 0.037 0.037
Wav2lip 32.547 32.546 0.912 0.928 0.050 0.048
IP_LAP 33.187 33.570 0.897 0.912 0.056 0.053

VisClearTalk 33.999 33.748 0.939 0.948 0.035 0.034
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Table 3 Comparion of video quality evaluation results

iR PERR %/ %
HyperLips 35. 00
DINet 52.75
Wav2lip 38. 50
1IP_LAP 43.50
VisClearTalk 31.25
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Fig. 6 Comparison of ground truth and generated results from different models
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Table 4 Quantitative performance metrics for the generated

examples in Fig. 6

ﬁ/dB s [
T
« 5 Y 5 X 5
HyperLips  34.535 31.651 0.922 0.865 0,057 0.066
DINet 33.363 31.892 0.908 0.831 0.059 0.080
Wav2lip 32.085 30.857 0.932 0.893 0.060 0.066
IP_LAP 33.104 31.946 0.891 0.814 0.064 0.076

VisClearTalk 34.581 32.133 0.932 0.893 0.052 0.048
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Table 5 Comparison of ablation experiment results on the

effectiveness of the visual clear module
5k o/dB s l
w/o 5% % T
w/ o L5 3 5

34.189 0.910 0. 045
33. 856 0. 920 0. 049
w/o L, 34.143 0.918 0. 046
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