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Motivation



Hierarchical Latent Model

» y - Observations
f(y|u) - Link function
u|f - Latent Process
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» 0 - Hyperparameters



Bayesian Predictions

p(y'ly) = / du* p(y* 6 p(u"])



Reminder: Metropolis Hastings Markov Chains

Accept Xpew ~ q(|Xo1d) With probability

i (Lfnltslen) ;)
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Problems

Joint:
» 7(u,0|y) - super hard, [5, 3]

Metropolis-within-Gibbs:
» m(ulf,y) - easy
» 7(0|u,y) - hard, [6]

Marginal:
> w(]y) - easy and hard, [4]



Problems with 7w(0|u, .. .)
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Scheme



Auxiliary Stochastic Process

Simulations:

u® U™ = u ~ gy (ulf)

Estimate:

Puly10) : ny| “)



'Pseudo-Marginal’ Metropolis Hastings

Define y,(0) := p(0)pu(y0)

MH on (0, u):

Gaux(U*]07) X Ty (07) % q(010%) X Gaux(u|0)
Gaux(u]0) X 7,(6) q(0710) X Gaux(u*]67)
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Target Proposal




Exact-Approximate Inference

Repeat:
» Simulate u ~ gaux(u|f)
» Standard MH using 7,(0) instead of 7(0)
» Store: -+ — (0;, Ty (0)) — ...

Solve integral.



Magic?

Pro:
» Easy yet exact
» Mixing
» Intractable Likelihoods

Con:
» Hard
» Scaling?
» Sticky
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Empirics



Filippone and Girolami [4]

Gaussian Process Classification
~ p(ylf) = IT, ®(3if)
> p(fl0) = N(0, %)
> 6~ p(0)



Unbiased Estimator p(y|0)

Approximate Inference:

ger(f|0) =~ p(fly,#) = Sigmoid x Gaussian

Importance Sampling:

A 1 i P(f(i)ye)
Pu(y|0) = ;Zp(yﬁ( ))m
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Mixing

Pima n = 768

AA - Trace plot

AA - Autocorr.

AA - PSRF
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Bayesian 6

0.9-
20871
[ (&} T
3 2 %
s 0.7 "?0 6 ]
> ‘ 506 | - ‘ -
&o6 L | O swMm Oos- | O SVM
’ % m EPML % = EP ML
- = MCMC EP oad = MCMC EP
05 B MCMC PM EP - m MCMC PM EP
. \ \ \ \ 0.3 \ \ \ \
10 20 50 100 10 20 50 100



Scaling? 7 ]

Efficiency

sigmasq

Optimal at /i ~ 2.56 and 62 ~ 3.28 at which point o ~ 7.00%.
fi(0) insensitive to o (and vice versa).
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Conclusion



Summary

v

Replace 7(#) with unbiased estimator

v

Exact-Approximate Inference

v

Pseudo-Marginal: Better mixing
Intractable Likelihoods
Proposal?

v

v



Proposal?

» Random Walk: q(6*|0) = N(6*|6, %)
» Vr(0), V2r(0) unavailable
» Non-Linear? Kernels! [7]
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