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Relationships between GPs and Other Models
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Figure 6.3: (a) A comparison of the hinge error, gx and go. (b) The e-insensitive
error function used in SVR.
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Gaussian Process Latent Variable Models (GPLVM)
Probabilistic PCA (Tipping&Bishop 1999):.
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GPLVM (4): O
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Figure 1. Visualisation of the Qil data with (a) PCA (a linear GPLVM) and (b) A GPLVM which
uses an RBF kernel. Crosses, circles and plus signs represent stratified, annular and homogeneous
flows respectively. The greyscales in plot (b) indicate the precision with which the manifold was
expressed in data-space for that latent point. The optimised parameters of the kernel were v = 150,

a = 0.403 and 8 = 316.
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Gaussian Process Dynamical Model (Hertzmann 2005)
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GPDM (2): Formulation (1)
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GPDM (3): Formulation (2)
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GPDM (4): Formulation(3)
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Gaussian Process Density Sampler (1)
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Gaussian Process Density Sampler (2)
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Gaussian Processes for NLP?
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Codes

GPML MATLAB codes.
http://www.gaussianprocess.org/gpml/code/

GPLVM MATLAB/C++ codes.
http://www.cs.manchester.ac.uk/ neill/gplvm/

GPDM code. http://www.dgp.toronto.edu/ jmwang/gpdm/
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