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Doubly-intractable problems
• We are interested in performing Bayesian inference with data defined on 

discrete space :𝒳
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1
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pθ(xi)π(θ)
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Doubly-intractable problems
• We are interested in performing Bayesian inference with data defined on 

discrete space :𝒳

Assume additionally:            pθ(x) =
p̃θ(x)
Z(θ)

, Z(θ) := ∑
x∈𝒳

p̃θ(x)

• Sadly since the intractable  depends on the parameter, we cannot 
use standard MCMC/VI.

Z(θ)
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∏
i=1
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πβ
ℒ (θ; {xi}n

i=1) ∝ exp (−βn ℒ̂n(θ)) π(θ)

• One potential solution is to perform generalised Bayesian inference:

• Typically,  and  is a consistent estimator based on data .ℒ(θ) = D(q0∥pθ) ℒ̂n(θ) {xi}n
i=1 ∼ q0

• One idea is to pick the divergence  so that it does note depend on . D Z(θ)
This is possible with the kernel Stein discrepancy (KSD)!

• When the likelihood is exponential family and the prior Gaussian, the approach is fully conjugate!

pθ(x) := exp (η(θ)⊤T(x) + B(x) − log Z(θ))
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∇−q(x) := (q(x) − q(x1−), …, q(x) − q(xd−))⊤

xj− := (x1, …, xj − 1,…, xd)
• What about for discrete spaces??

Does not depend on  but….. is not conjugate!!Z(θ)
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Hang on…. How on earth do we get ??q0(x)
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π(η) ∝ exp (−
1
2

(η − μ)⊤Σ−1(η − μ))Suppose we have a Gaussian prior:

πβ
LRM (η; {xi}n

i=1) = 𝒩(η; μn, Σn)
Σn := (Σ−1 + 2βΛn)−1

μn := Σn (Σ−1μ + 2βνn)
Conjugate Gaussian posterior:
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Need to approximate doubly-intractable 
posterior at each time step! Completely 
intractable to do online for most problems

Our method does this 
in 0.1 seconds..!



What I haven’t had time to talk about….
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1D Conway-Maxwell-Poisson model



Any Questions?
Laplante, W., Altamirano, M., Duncan, A. D., Knoblauch, J. & Briol, F.-X. (2025+). Conjugate 
generalised Bayesian Inference for discrete doubly intractable problems. To appear.


