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Audio-Visual Synchronization (AVS) Table 1. Accuracy of different distillation methods in evaluation.
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Figure 1. The proposed MTDVocaliST model. (a) binary cross entropy loss. (b)
cross-attention distribution distillation loss. (c) value-relation distillation loss.

Naive Multimodal Transformer Distillation (NMTD)

Figure 5. Comparison of Transformer representation and cross-attention loss in
iInference. Note that the MTDVocaLiST only optimizes the MTD loss during training.
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« VA layers contribute minimally to the student’s final performance.
o« Single-layer distillation and BCE training perform worse.

o« UW-25D layer weighting outperforms Uniform, AW and UW-13D
Transformer behavior and Transformer representation (Figure 5)

o The Transformer representation loss will not decrease along with
Experiment setup the cross attention loss in the inference phase of MTDVocaliST

o 1" represents a task set

o L. denotes the 7-th loss, which could be Lgcog, Loap of Ly p 10SS

. w, are learnable parameters. In(1 + w?) serves to enforce positive
regularization values

« Dataset: Lip Reading Sentences 2 (LRS2) dataset References
o Training: Positive and negative samples are sampled on the fly
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