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Figure 1: lllustration of joint audio-visual speech recogntion and manipulation.
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Figure 2: Our proposed framework for audio-visual speech recognition and manipulation
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CO nt rl b u t I O n . . . Wav2Lip 31.2 0.93 23.2 Ours w/o syn. ResNet 88.4 98.5 50.5
Analysis on the Modality-Invariant Codebook Ours 32.46 | 095 | 277 Our ResNet | 885 084 | 503
Table 1: Quantitative evaluation of talking face generation. Table 3: Quantitative evaluation of speech recognition.
e We present a unified framework for joint audio-visual speech g — e Talking face video of satisfactory quality e Accurately recognize audio/visual
recognition and synthesis. il el frmes! e N FEE 6 - e In Figure 3 (a), we see that the derived basis and much higher lip sync accuracy (LSA.) speech content
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. ] . ] { e ——— “m — a3,y similar distributions. Experiment Setting Visual AudiolVisual Audio
cross-modal mutual learning which aligns cross-modality data, §i | 5 Lt VQ-VAE | [0852] 0720 | 1.943 ,
duci dalitv- tic li isti tati for AVSR ' m f o Ours ntra 0.866 | 0.746 2248 Baseline 87.85 98.45|49.24 84.34
proaucing modadality-agnostiC IINgUISTIC representation 10r . x: - _ 4 Ours (+ B) 88.14 9846|4951 84.84
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e Our framework allows manipulation of visual and/or audio speech . - .. T — - _ _ _ —
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ata, conditioned on the desirable linguistic or subject identity Figure 3: (a) Distributions of top-30 basis weights from audio and basis vectors. e Each module in cross-modal mutual
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