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Exploration of the posterior – Reporting inferences
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https://florent-leclercq.eu/documents/Thesis.pdf
https://arxiv.org/abs/2404.03002
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Exploration of the posterior: challenges
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https://florent-leclercq.eu/documents/Thesis.pdf
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Living in a world made of samples



SUFFICIENT SUMMARY 
STATISTICS AND
RAO-BLACKWELL ESTIMATORS



•

•

•

Sufficient summary statistics
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Sufficient summary statistics



• 𝑔(𝑑) 𝜃
𝑔(𝑑) 𝑡(𝑑) 𝑡(𝑑)

𝜃

•

▪ 𝛿(𝑑) 𝜃

▪ 𝛿1(𝑑) = 𝐸[𝛿(𝑑) | 𝑡 𝑑 ]
𝜃

•

𝐸[(𝛿1(𝑑) − 𝜃)²] ≤ 𝐸[ 𝛿(𝑑) − 𝜃)²]

•

𝐸 𝛿1 𝑑 − 𝜃 2 = 𝐸[ 𝛿(𝑑) − 𝜃)²] − 𝐸[Var(𝛿(𝑑) | 𝑡 𝑑 )]
𝐸[Var(𝛿(𝑑) | 𝑡 𝑑 )] ≥ 0
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Rao-Blackwell estimators
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Rao-Blackwell estimators

https://arxiv.org/abs/2101.01011
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Rao-Blackwell estimators
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Rao-Blackwell estimators: example

https://arxiv.org/abs/astro-ph/0310080
https://arxiv.org/abs/astro-ph/0310080
https://arxiv.org/abs/astro-ph/0310080
https://arxiv.org/abs/astro-ph/0310080
https://arxiv.org/abs/astro-ph/0310080


MARKOV CHAIN MONTE CARLO



•

▪

▪

•

Markov Chain Monte Carlo (MCMC)

https://florent-leclercq.eu/documents/Thesis.pdf
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Markov Chain Monte Carlo (MCMC): the Metropolis-Hastings algorithm
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Metropolis-Hasting algorithm: implementation
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A toy Bayesian problem



Diagnostics of Markov chains: burn-in
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Diagnostics of Markov chains: trace plots
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Diagnostics of Markov chains: mixing
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Diagnostics of Markov chains: convergence – the Gelman-Rubin test
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Diagnostics of Markov chains: correlation length and effective sample size

https://emcee.readthedocs.io/en/stable/tutorials/autocorr/


MARKOV CHAIN MONTE CARLO 
BEYOND METROPOLIS-HASTINGS
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MCMC beyond Metropolis-Hastings: Gibbs sampling
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A two-dimensional test pdf
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A two-dimensional test pdf



Gibbs sampler
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MCMC beyond Metropolis-Hastings
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Hamiltonian (Hybrid) Monte Carlo

https://doi.org/10.1016/0370-2693(87)91197-X
https://doi.org/10.1016/0370-2693(87)91197-X
https://doi.org/10.1016/0370-2693(87)91197-X
https://arxiv.org/abs/1206.1901
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Hamiltonian Monte Carlo: implementation
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Hamiltonian sampler
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A two-dimensional test pdf



Hamiltonian sampling
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Tuning a Hamiltonian sampler

• 𝜖



Tuning the mass matrix



Tuning the mass matrix



FIELD-LEVEL INFERENCE WITH 
NON-LINEAR MODELS
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A non-linear field-level model Exercise: Non-linear models
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A non-linear field-level model
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A non-linear field-level model
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A non-linear field-level model
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Gradients of the non-linear model and its posterior
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Field-level inference with non-linear models: sampler tuning and burn-in
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Field-level inference with non-linear models: sampler tuning and burn-in
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Field-level inference with non-linear models: autocorrelation and convergence
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Field-level inference with non-linear models



Field-level inference with non-linear models
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Field-level inference with non-linear models



References and further reading
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https:///
https://arxiv.org/abs/1206.1901
https://arxiv.org/abs/1206.1901
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