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Contributions

** Formulate video anonymization in the latent space.

** Propose a clip-level privacy objective + latent consistency loss.

** Address multi-task video privacy preservation for the first time.

“* Reduce privacy leakage by 35% while maintaining near-full

utility performance (within 2%) across all tasks.

*» Introduce action recognition gender bias evaluation protocols.
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Anonymization Can Help Mitigate Gender Bias!
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* Action recognition accuracy gap between gendered subclasses
reduces after anonymization, while overall accuracy increases.
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