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Dimensionality Reduction
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1. 7% 1F (Linear methods)

Principal component analysis (PCA)

Singular value decomposition (SVD)

Factor analysis (FA)
2. BBt %PE(Non-linear mappings)

Generative topographic mapping (GTM)

Gaussian process latent variable models (GPLVM)

Neural network methods
3. 3BT (Proximity)

Multidimensional scaling (MDS)

Isomap

Locally linear embeddings (LLE)
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MDS
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Isomap
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Locally linear embeddings (LLE)
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Isomap & LLE Applications

Image Spaces and Video Trajectories: Using Isomap to Explore Video Sequences
Robert Pless
ICCV 2003
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Representation Analysis and Synthesis of Lip Images Using Dimensionality
Reduction
Michal Aharon and Ron Kimmel
IJCV 2005
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Light Waving: Estimating Light Positions From Photographs Alone
Holger Winneméoller, Ankit Mohan, Jack Tumblin, Bruce Gooch
Eurographics 2005
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