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Evaluation:

» Three datasets
* G3D-gaming [V. Bloom et al., CVPR'12 workshop]: 663 sequ., 20 motions

Lie Group Networks (LieNet):
» Overview (Manifold Networks)

Background.:
» 3D pose estimation from depth/RGB images
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high-dimensional

O Adopt PCA-like method to learn compact and discriminative features » Network training

T ®Hiah dimensionalit “* Weight matrices reside on Lie group
QShgallow learning 4 d Riemannian optimization

*+ A manifold network structure to deeply learn Lie group representations
*» A paradigm to incorporate the Lie group structure into deep learning
A generalization of stochastic gradient descent optimization to Lie group




