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Simple classification example

Motivation and background

>> Properties of approximate inference algorithms are P(y; = 1|z;,w) = probit(wz;), P(y; = —1|z;, w) = probit(—wz;)

important to understand

Swap one 0_; Continue swapping
>> Expectation Propagation (EP) approximation: pair of points — ¢ pairs of points
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> We consider toy cases: Figure 3: EP normalising constant approaches true value
> Show a counterexample to conjecture >> Realistic datasets tend to be fairly well-separated, and

> Why conjecture may hold on real-world datasets underestimation effect dominates
> Compare EP and VI on time series example

(Soft) symmetric box

Time series

> 2 time-steps, 2-dimensional latent variables

> Setup (probit(w,z + b,) = 0.5+ 0.5 erf(w,z + b,)):
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Figure 1: Overestimation of true normalising constant Figure 4: EP and VI [3] estimates of precision. VI (mean field)
falls as observation noise increases.
> Have mathematically shown overestimation in 1D N =0 v =02 -y

Heaviside function case
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Figure 5: EP and VI plots of normalising constant, to estimate A yec-
EP tends to overestimate, while VI underestimates.
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>> See paper for details on Gaussian Process approximate
inference results (FITC algorithm)
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Figure 2: Underestimation of true normalising constant
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