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Dataset distillation: The goal

• Condense a large-scale real dataset into a significantly smaller synthetic dataset.

• Achieve comparable performance to the original large dataset. 

          Challenges:

• Significantly reduce the data volume and computation cost.

• Handling temporal information in videos.

Diffusion Model Utilization:

• Train a class-conditional diffusion model.

• Generate diverse synthetic video data only once and store them.

Ablation Study

• Dataset Scope: Whole UCF101 dataset, includes low-performing classes.

• Clustering methods: Random, MAE-Score, CSTA, DM-MMD.

• Classifiers: C3D and SwinTransformer.

• Loss functions in VST-UNet: CE, Div, and Rep losses.

• Computational Efficiency: The computation times are reduced.

Introduction & Challenges
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Conclusion

1. Two video selection strategies: 

• VST-UNet and TAC-DT.

2. Significantly improvement:

• Test accuracy and computational efficiency.
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