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Motivation

Ablation Study

e Audio-Visual Speech Recognition is useful in noisy environments where the audio signal is

corrupted.
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Experiments

Datasets

o LRS2: 144482 video clips from BBC programs(224.1 hours)

Performance in a noisy scenario on LRS2

e LRS3: 151819 video clips from TED talks (438.9 hours
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e Data augmentation 5
e Visual Stream: Horizontal Flipping, Random Cropping BN
¢ Audio Stream: Additive Noise, Time Mask, Frequency Mask g

* Network settings (e=12, At =2048, d¥=256, d"=256), where e denotes the number of
conformer blocks, d" denotes the dimension of linear layer in the feed-forward module, d;. and d,
are the dimensions for queries/keys and values, respectively.
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e Experimental settings We train the model for 50 epochs. The learning rate increases linearly 0 5 0 3 10 15 20
with the first 25 000 steps, yielding a peak learning rate of 0.0004 and thereafter decreases SNR(dB)
proportionally to the inverse square root of the step number.

e Language model corpus the training transcriptions of LibriSpeech (960 h), pre-training and
training sets of LRS2 and LRS3, with a total of 16.2 million words.

Conclusions

e We present end-to-end speech recognition models that improve audio-only, visual-only and
audio-visual performance on LRS2 and LRS304,
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