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Bayesian model comparison

Model M0 vs M1 given data D, the Bayesian way:

P (M0|D)

P (M1|D)
= B01

P (M0)

P (M1)
, B01 =

P (D|M0)

P (D|M1)

Z = P (D|M)︸ ︷︷ ︸
Bayesian evidence

=

∫
P (D|M, θ)P (θ|M)︸ ︷︷ ︸

Posterior = Likelihood × Prior

dθ

Z can be computed from MCMC chains (Savage–Dickey density

ratio) or using nested sampling.

Bayesian Optimisation (BO)

When to use it?

MCMC/nested sampling not feasible for slow to evaluate likeli-

hoods – instead train a fast surrogate of the likelihood using

BO, then run MCMC/nested sampling on surrogate.

How does it work?

Uses mean of Gaussian process (GP) [1] as surrogate for the (log)-

likelihood + active acquisition strategy to train the GP. Uncertainty

of GP −→ ∆ logZ for convergence control.
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Bayesian Optimisation in action.

Algorithm

Input: GP µ, acquisition α, ∆ logZ threshold ϵ, max steps N
1: Initialise training set D with random Sobol points
2: while i < N and ¬ converged do
3: xi ← argmin

x
α(x | µ,D), yi ← f(xi)

4: D ← D ∪ {(xi, yi)}
5: Update µ with D
6: converged=True if ∆ logZ ≤ ϵ else False
7: i← i+ 1
8: end while
9: return samples from surrogate posterior µ, final logZ, ∆ logZ

Pros

Fast GP surrogate (≳ 1000 eval/sec). 10–100 times fewer likelhood

evals required compared to traditional methods, overall faster for

slow likelihoods (t ≳ 1s).

Cons

Greater computational overhead of intermediate steps.

Limited to Ndim ≲ 20.

Results

Test functions
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BO vs nested sampler dynesty [2]. Green dots = GP training points (N) from BO.
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LCDM from DESI+Planck CamSpec (9 nuisance params). BO with N ∼ 900 likelihood

evals and runtime ∼ 10 hours, logZ = −5529.48+2.5
−0.6, excellent agreement with

PolyChord [3].

Prev. applications in cosmology – for global optimisation [4], and

parameter posteriors [5]. We build on these but differ in GP,

acquisition and convergence choices.

Paper (more examples) + code (JAX based) out soon.

If interested in applications, please get in touch!
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