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Adversarial Generation of Voice-Controlled Speaking Face Videos
Based on Modal Affine Fusion

CHEN Shihang, SUN.Yubao
(School of Computer Science, Nanjing University of Information Science and Technology, Nanjing 210044, Jiangsu, China)

[ Abstract] Generating speaking face videos from speech, involving the processing both audio and visual modalities,
is a current research hotspot. A key challenge is achieving precise alignment between lip movements in the video
and the input audio. To address this problem, this study proposes an end-to-end, speech-controlled speaking face
video generation adversarial model, which mainly consists of a modal affine fusion-based generator, a visual quality
discriminator, and a lip synchronization discriminator. The affine fusion-based generator adds audio information
during face feature decoding through the Modal Affine Fusion Block ( MAFBlock), effectively fuses audio
information with face information and ‘enables the audio to be better controlled for speaking face video generation.
Spatial and channel attention mechanisms are incorporated to enhance the model’s focus on local facial regions. The
model employs a dual-discriminator strategy to enhance both visual quality and lip synchronization accuracy. The lip
synchronization discriminator constrains lip movements by evaluating the similarity between the audio and the
generated lip shapes without changing the overall contour and face details, thereby providing finer control over lip
movement generation. The visual quality discriminator assesses the realism of the generated image frames to
improve image quality. A comparative experimental analysis is conducted with several existing representative
models on two audiovisual datasets. On the LRS2 validation set, the proposed model achieves an LLSE-C score of
8.128 and an LSE-D score of 6.112, which are 4.3% and 4.4% higher than those of the baseline, respectively. On
the LLRS3 validation set, it achieves LSE-C and LLSE-D scores of 7.963 and 6.259, representing improvements of
6.2% and 6.9% over the baseline scores, respectively.

[Key words) speaking face generation; video generation; lip synchronization; audio-driven generation; spatial
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Fig.1 Speaking face video generation model

based on modal affine fusion
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Table 1 Comparison of different training methods
on the LRS3 dataset

Model LSE-C LSE-D SSIM  PSNR/dB
Ours 7.963 6. 259 0.916 32,772
w/o visual disc 8.012 6.153 0. 871 29. 824
Wav2Lip! 7.497 6.693 0. 921 32. 221

TE% 1 ] LU H L e = 1050 oo 0501 4 1) 1
Y NN =S IA TR 2 - A EN S & P R (RN ]
bt B 2 R L YR A TR R (R A5 A )
AR YR H AR AR b, R ESCHE S S R
TR IR . o AR TR ) 2 ) B A 58 4R TR
i S iy D P55 00 IR OB S A L T AS 2 o3 IR
U252 18 PR AR ) B PR L 5 o o L S T IR E (] 20 ¢
F18 51 T I R A A P 5 ety A Sk 3 1) P 5 I el
o K8 R AT R IE IR AP 09 % WLAE A A P



400

£525 £28/2026 52 R/ATENTRE

TR AR FEMEEZ L F BRI 87 1 A
PRI, SR Az B G R 2358 40 ot ) b 2
ANE), SUHAEAN AL BE o WE 9 Fros, Bz A6
o £ A S5 4 4 R A i 1) PR AT AR B B 1 R
Jo 0 DX 3 8 A ik T 0 e A AR B AR AR
ﬁiéﬁﬂ%)ﬁﬂhtﬂﬂTTa%H’J%u,E’H%E#@%
Z RS, I S n) R B 0 T A S g
P A B o A S T R

Target

Ours

w/o visual disc

B8 milgrr e E G
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Fig.10 Speaking face generation images
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Table 2 Performance comparison of different models on LRW and LRS2 datasets
Modd] LRW LRS2
LES-CA LSE-Dy SSIM 4 PSNR/dBA  LESC4 LSE-Dy SSIM 4 PSNR/dB 4
Real Videos 6. 876 6. 968 1. 000 — 8. 247 6. 259 1. 000 —
Wav2Lip™ 7. 237 6.617 0. 875 32,147 7.789 6. 386 0. 925 32.195
LipGAN™ 3. 350 10. 050 — — 3.199 10. 33 — —
PC-AVS#] 6. 420 7.344 0.778 30. 440 6.928 7.101 0. 784 30. 683
SyncTalkFace?®] 6. 619 7.013 0.893 33.126 7.925 6. 352 0. 876 32.529
ATVGH 5.735 7. 664 0. 781 31. 409 5. 584 8. 223 0.735 30. 427
Ours 7.784 6. 432 0. 901 33.012 8.128 6. 112 0.916 32.585

b, T HDTF Es A B HA B m i Lt
TR K 7E HDTF 84 bl il 1 A iy
PERE. W% 3 FR .

x3 ARKEETE HDTF HIEE EERERTLE
Table 3 Performance comparison of different models
on the HDTF dataset

Model LESC LSE-D SSIM/~ PSNR/dB
Real Videos 8.993 6. 498 1..000 —
Wav2Lipt! 8. 290 6. 871 0. 907 29. 287
PC-AVSI# 8.135 6. 613 0. 638 23. 630
ATVGE?! 7.061 8. 422 0. 907 25. 543

DINet] 6. 841 8. 377 0. 942 30. 008

Ours 8.314 6.512 0. 901 29.012
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Table 4 Results of ablation experiments for each module

LRS3 LRS2
Model
LESC LSE-D SSIM PSNR/dB LES-C LSE-D SSIM PSNR/dB
w/0o CBAM 7. 868 6. 368 0.914 31. 857 7.961 6. 223 0.915 31. 818
w/0 MAFBlock 7.621 6. 731 0.915 31.752 7.783 6.521 0.913 31.782
w/o lip disc 5.931 8.172 0. 941 33.712 6.012 7.931 0. 932 33. 421
Ours 7.963 6. 259 0.916 32.772 8.128 6.112 0.916 32. 585
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