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- Computer Vision

- Multi-view geometry

- 2D/3D Human Pose Estimation
- Temporal Action Localization
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Cross-View Self-Fusion for Self-Supervised 3D Human

Pose Estimation in the Wild
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MHCanonNet: Multi-Hypothesis Canonical Lifting Network for

Self-supervised 3D Human Pose Estimation in the wild Video
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Masked Kinematic Continuity Hierarchical Attention

Network for Pose Estimation in Videos
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Calibrated Attention Masking Network for

Temporal Action Localization
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