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FROM EP TO STOCHASTIC EP

Goal: approximate the true posterior
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AN ALTERNATIVE VIEW OF SEP
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RELATED ALGORITHMS
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A) Relationships between algorithms B) Fixed points properties

DSEP (K=2)

SEP FOR LATENT VARIABLE MODELS
Model: p(xn|hn,θ), hn ∼ p0(hn) i.i.d., posterior

p(θ, {hn}|D) ≈ q(θ, {hn}) ∝ p0(θ)f(θ)N
N∏
n=1

gn(hn)

Update f(θ)gn(hn) such that

p0(θ)f(θ)
N−1

∏
m6=n

gm(hm)p(xn|hn,θ)p0(hn)

≈ p0(θ)f(θ)
N−1

∏
m6=n

gm(hm)fnew(θ)gnewn (hn)

No need to maintain gn if updates can be computed fast!

BAYESIAN PROBIT CLASSIFICATION
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BAYESIAN NEURAL NETWORK
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• Prior: p0(λ|γ) = Gam(αλ0 , β
λ
0 ),

p0(w|λ) =
∏
ijlN (wij,l; 0, λ

−1)

• Likelihood: p(γ) = Gam(αγ0 , β
γ
0 ),

p(y|x,w, γ) = N (y; f(x;w), γ−1)

• f(x;w) is the output of a neural net-
work with ReLU units.

• Inference: PBPa works better when
under-estimating uncertainty.

aHernández-Lobato J M, Adams R P. Probabilistic Backpropagation for Scalable
Learning of Bayesian Neural Networks. In ICML 2015.
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MORE EXAMPLES

1. Clustering with MoGs
2. Odd-vs-even digit

classification

CONCLUSIONS
• We scaled EP to large datasets with nearly identical performances

• We extended stochastic EP and related it to variational Bayes

• SEP is well suited to “big model, big data” settings


