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We investigate the use of normalizing flow (NF) models as flexible priors in Bayesian inference

with Markov Chain Monte Carlo (MCMC) sampling. Trained on posteriors from previous analyses,

. . . . . . .. these models can be used as informative priors, capturing non-trivial distributions and correlations,
Learning Informed Prior Distributions with Normalizing in subsequent infernce tasks. We compare different training strategies and loss functions, finding

that training based on Kullback Leibler (KL) divergence and unsupervised learning consistently

Flows for B aye sian Ana ly sis: yield the most accurate reproductions of reference distributions. Applied in sequential Bayesian
. workflows, MCMC with the NF-based priors reproduces the results of one-shot joint inferences
Work i HR Sh well, provided the target dlistelbutions sre usimodal. In cases with proncunced i modalty or
orK In progress , en dataset. tension, distortions may arise, underscoring the need for cantion in multi-stage Bayesian
inference. A comparison between the pocoMC MCMC sampler and the standard emcee sampler
further demonstrates the importance of advanced and robust algorithms for exploring the posterior
tablish NF-based priors as a practical and efficient tool for sequential

Bayesian inference in high-dimensional parameter spaces.
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Motivation

@ Choice of prior distribution is critical for Bayesian inference:
e Uniform or Gaussian priors are simple but limited
o Informative priors improve efficiency and enable sequential analyses
@ Directly reusing posteriors as priors is challenging due to:
o Multimodality and non-Gaussian shapes
o Non-trivial parameter correlations
o Inefficient sampling in high dimensions
@ Normalizing flows (NFs) offer a flexible generative approach:
o Capture complex distributions and correlations
e Provide efficient continuous sampling
o Enable informative priors for sequential Bayesian analysis
@ We extend NF -based priors from «:si004625 t0:
o Unsupervised learning cases without explicit posterior densities
@ Sequential Bayesian inference in high-energy nuclear physics
o Systematic tests of posterior consistency


https://inspirehep.net/literature/2709125

Applications in 2310.04635
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@ NF seems to be successfull for

“simple” distributions peaked not too

close to the prior boundary

@ What happens when there is tension

in the data (multiple modes) or
peaks at the boundary?
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NF Training

@ Batch sizes
{500, 1000, 2000,5000}%,

H TABLE II. Best NF model configurations and corresponding
cou pll ng layers average KL divergence (Dxr) for the v+p and v+ Pb datasets.
Ne{2,6,8,10,12},

. Dataset | Batch Size|Layers|Learning Rate| Loss |{Dkr)
learning rates S+p | 500 4 1% 10% |Jeffreys'| 0.047
{1x1073,5%x107%,1x10745%x ~4p| 5000 6 1x10~° KL |0.025
103 } Y+p | 1000 10 1x107% | log-£ |0.024

. ¥+ Pb 500 12 1x 107 |Jeffreys’| 0.061
@ Select the NF model Wlth the S+Pb| 1000 | 12 | 1x10° KL | 0.052
smallest average KL divergence v+Ph| 2000 10 | 1x10°* | log-£ |0.052
@ We continue with the KL loss
function
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(Dxt) =0.102 i Posterior: joint  : Posterior: stage 1 y+p L' Posterior: stage 2 y + Pb (Dx.) =6.482 i Posterior: joint  : Posterior: stage 1 y + Pb ! Posterior: stage 2 y +p.
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(Dxe) =2.966  wwm Posterior: : Posterior: stage 1 y+p L' Posterior: stage 2 y+Pb
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@ Example using emcee (standard)
sampler

@ The quality of the MCMC sampler is
crucial for sequential Bayesian
inference!
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Let's look at a simpler example: divide vy + Pb dataset into integrated and differential
cross sections — unimodal final posterior



NF Training

@ Batch sizes
{500, 1000, 2000,5000}%,

TABLE III. Best NF model configurations and corresponding

i average KL divergence (Dkr) for the integrated and differen-
coupling layers
NE{Z 6.8 10 12} tial v + Pb datasets.
learning rates D?‘taset Bat;cohogizc Laly;rs Lca;rnh;;{z,) R:xtc - I;foss (ODOKSI;)
-3 —4 -4 int. ® 107 effreys’| 0.
{1_)(5 1072,5x107%,1x 107%, 5 x int. 5000 8 1x107* KL | 0.049
10 } int. 5000 12 1x10? log-£ | 0.048
. . —3 ot
@ Select the NF model with the jf;f' ;ggg 13 1X ig_q J“fgiy“ ggg?
. T x h R
smallest average KL divergence Gt | 5000 | 10 | 1x10° | legr |0.050

@ We continue with the KL loss
function
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Posterior: stage 2 y +Pb int.
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Posterior: stage 1 y + Pb diff.
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1 Posterior: stage 2 y + Pb diff.

@ Example using emcee (standard)
sampler ol

@ Also failing for a more “simple” .
distribution .
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Conclusion

@ Normalizing flows provide powerful, flexible priors

@ Capture complex posterior features and correlations beyond simple priors

@ Enable efficient and consistent sequential analyses across datasets (if the first
stage constraints are not too restrictive)

@ Open path to scalable Bayesian studies in nuclear and particle physics using
knowledge from earlier studies
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