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A Brief History of Gaussian Process Approximations

FITC: Snelson et al. “Sparse Gaussian Processes using Pseudo-inputs”
PITC: Snelson et al. “Local and global sparse Gaussian process approximations”
EP: Csato and Opper 2002 / Qi et al. "Sparse-posterior Gaussian Processes for general likelihoods.” 
VFE: Titsias “Variational Learning of Inducing Variables in Sparse Gaussian Processes”
DTC / PP: Seeger et al. “Fast Forward Selection to Speed Up Sparse Gaussian Process Regression”
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EP pseudo-point approximation

input locations of
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Fixed points of EP = FITC approximation

Csato & Opper (2002)

Qi, Abdel-Gawad & 
Minka (2010)

Interpretation resolves philosophical issues with FITC (increase M with N)
FITC likelihood > GP likelihood => EP over-estimates (marginal) likelihood
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Power EP algorithm (as tractable as EP)
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Power EP: a unifying framework

FITC
Csato and Opper, 2002

Snelson and Ghahramani, 2005

VFE
Titsias, 2009
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PITC / BCM
Schwaighofer & 

Tresp, 2002, 
Snelson 2006,  

VFE
Titsias, 2009

Figueiras-Vidal & 
Lázaro-Gredilla 

2009  

Tobar et al. 2015
Matthews et al, 

2016
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Power EP: a unifying framework

GP Regression  GP Classification

[1] Quiñonero-Candela et al. 2005
[2] Snelson et al., 2005
[3] Snelson, 2006
[4] Schwaighofer, 2002 

[13] Matthews et al., 2016
[14] Figueiras-Vidal et al., 2009
[15] Alverez et al. 2010 

[5] Titsias, 2009
[6] Csató, 2002
[7] Csató et al., 2002
[8] Seeger et al., 2003

[9] Naish-Guzman et al, 2007
[10] Qi et al., 2010
[11] Hensman et al., 2015
[12] Herna ́ndez-Lobato et al., 2016 

* = optimised pseudo-inputs              ** = structured versions of VFE recover VFE (Remark 5)
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How should I set the power parameter α?

6 UCI classification datasets
20 random splits
M = 10, 50, 100

hypers and inducing 
inputs optimised

8 UCI regression datasets
20 random splits

M = 0 - 200
hypers and inducing 

inputs optimised
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Streaming / Online Sparse Approximations

Goal: Online posterior update (using old posterior and new data batch).

Two new innovations for online learning and inducing input
optimisation

1. näıve approach: use previous approximate posterior as prior

new posterior︷ ︸︸ ︷
q(new)(f ) ≈

new likelihood︷ ︸︸ ︷
p(y(new)|f )

old posterior︷ ︸︸ ︷
q(old)(f )

old likelihoods︷ ︸︸ ︷
q(old)(f )

p(f |θ(old))
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q(old)(f ) = p(f 6=u(old) |u(old), θ(old))q(u(old))

q(new)(f ) = p(f6=u(new) |u(new), θ(new))q(u(new))

VFE is now the best Power EP method (inducing point clumping)
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Online Sparse GP Approximations: Regression
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Online Sparse GP Approximations: Classification
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Streaming / Online Sparse Approximations: Time-series Regression
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Summary

Provided a unifying framework for Gaussian Process Approximation
methods using pseudo-points via PEP
FITC and PITC are EP in disguise and they use the same
approximating distribution as VFE
Intermediate powers in PEP perform best on average in batch setting
(more theory and empirical work needed)
VFE methods perform best in the online setting

Core material:
A Unifying Framework for Sparse Gaussian Process Approximation
using Power Expectation Propagation, arXiv preprint 2016
Streaming Sparse Gaussian Process Approximations, arXiv preprint
2017
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http://arxiv.org/abs/1605.07066
http://arxiv.org/abs/1605.07066
https://arxiv.org/abs/1705.07131


VFE is best for online inference and learning
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