
Pseudo-Marginal MCMC
(... for Bayesian Inference for Gaussian Processes)

Heiko

Gatsby Tea Talk

May 27, 2014



Outline

Motivation

Scheme

Empirics

Conclusion



Hierarchical Latent Model

I y - Observations

I f (y |u) - Link function

I u|θ - Latent Process

I θ - Hyperparameters



Bayesian Predictions

p(y ∗|y) =

ˆ
du∗p(y ∗|u∗)p(u∗|y)



Reminder: Metropolis Hastings Markov Chains

Accept xnew ∼ q(·|xold) with probability

min

(
π(xnew)q(xold|xnew)

π(xold)q(xnew|xold)
, 1

)



Problems

Joint:

I π(u, θ|y) - super hard, [5, 3]

Metropolis-within-Gibbs:

I π(u|θ, y) - easy

I π(θ|u, y) - hard, [6]

Marginal:

I π(θ|y) - easy and hard, [4]



Problems with π(θ|u, . . . )
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Auxiliary Stochastic Process

Simulations:

u(1), . . . , u(m) := u ∼ qaux(u|θ)

Estimate:

p̂u(y |θ) :=
1

m

∑
i

f (y |u(i))



'Pseudo-Marginal' Metropolis Hastings

De�ne π̂u(θ) := p(θ)p̂u(y |θ)

MH on (θ,u):

qaux(u
∗|θ∗)× π̂u∗(θ∗)

qaux(u|θ)× π̂u(θ)︸ ︷︷ ︸
Target

× q(θ|θ∗)× qaux(u|θ)

q(θ∗|θ)× qaux(u∗|θ∗)︸ ︷︷ ︸
Proposal



Exact-Approximate Inference

Repeat:

I Simulate u ∼ qaux(u|θ)

I Standard MH using π̂u(θ) instead of π(θ)

I Store: · · · → (θj , π̂uj
(θj))→ . . .

Solve integral.



Magic?

Pro:

I Easy yet exact

I Mixing

I Intractable Likelihoods

Con:

I Hard

I Scaling?

I Sticky
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Filippone and Girolami [4]

Gaussian Process Classi�cation

I p(y|f) =
∏

i Φ(yi fi)

I p(f|θ) = N (0,Σθ)

I θ ∼ p(θ)



Unbiased Estimator p̂(y|θ)

Approximate Inference:

qEP(f|θ) ≈ p(f|y, θ) = Sigmoid× Gaussian

Importance Sampling:

p̂u(y |θ) =
1

m

∑
i

p(y|f(i)) p(f(i)|θ)

qEP(f(i)|θ)



Mixing



Bayesian θ



Scaling? ? ]
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Summary

I Replace π(θ) with unbiased estimator

I Exact-Approximate Inference

I Pseudo-Marginal: Better mixing

I Intractable Likelihoods

I Proposal?



Proposal?

I Random Walk: q(θ∗|θ) = N (θ∗|θ,Σ)

I ∇π(θ),∇2π(θ) unavailable

I Non-Linear? Kernels! [7]
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