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Related Approaches

 Find a latent common space between different
modalities using absolutely-paired observations
(CCA, DCCA, PLS)
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EInENERE S

e Feature fusion

Dataset: UCI Multiple Features dataset with six features, Fou, Fac, Kar, Pix, Zer and Mor
How to fuse: sum of projection of paired feature from different modalities
How to evaluate: Mean recognition rates of 1-NN in the latent common space over 10 times
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EInENERE S

e Cross-pose face recognition

Dataset: CMUPIE with 68 subjects and 13 poses
How to evaluate: Mean recognition rates of 1-NN in the latent common space

Mean recognition rates for frontal faces (c27) gallery.

o

'
TFA__ | @95 | RPSA | 093 |
TR [ 095 | RPSA [ 100
FIF | 090 | RPSA | 100

[Liu and Chen CVPR 2005, Prince et al. PAMI 2008, Chai et al. TIP 2005, Gross et
al. PAMI 2004, Sharma and Jacobs CVPR 2011]
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EInENERE S

e Visualization

facial feature

c09 i
regions

Important pixels in photos with 13 poses
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Thanks for your attention.

Questions?

The code is available online
(http://i.cs.hku.hk/~zhkuang/Software.html)
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