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Goal: Do Bayesian inference on new measured data (x.)
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Neural Posterior Estimation (NPE)
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Sequential NPE (SNPE) iteratively replace the prior p(®) with a suitably
chosen proposal distribution
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The network will learn to approximate a proposal-biased posterior
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The network will learn to approximate a proposal-biased posterior
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m Importance weights in the loss function
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So...how do we sample froma prior?
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So...how do we sample froma prior?

—> Assumed prior

—> Proposal prior
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The previously generated sample
points are not taken into account
when producing new samples.
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So...how do we sample froma prior?

—> Assumed prior

—> Proposal prior

- e The input probability distribution should be
@ stratified before a random sample is chosen
@ - from each interval.

e Asaresult, there is one sample in each row and

column

Latin Hypercube
Sampling (LHS)




Challenges with LHS
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Without gradient information at the boundaries, our flow-based
density estimator cannot learn the correct density transitions near
the cutoff.
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Talled-Uniform

Proposal

By feeding the network training samples from outside the
uniform region (the extended Gaussian support beyond the
original grid)
1. Tailed-Uniform captures the posterior density outside the
assumed prior bounds, and
2. Tailed-Uniform learns a smooth, well-calibrated posterior

that extends into boundary-adjacent test points.
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Validation: Posterior Predictive Checks

Goal: If our NN is accurate, the produced data ought to “look close” to the

observed data.
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classifier's accuracy as the
C2ST score
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g - Uniform performance deteriorates (becomes blue) as it drifts away from the central regions.

- Tailed-Uniform maintains more red and orange coloration across the parameter space.
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Boundary Dominance in Higher
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The ratio of information gained from
exterior support to cost of interior
sample dilution remains favorable or

even improves with dimension.




SCience PI“Oblem: Change into m + cosmic noise

Observed power spectrum P(k)

—> Run MCMC to get reference posteriors




SCience PI‘Oblem: Change into m + cosmic noise
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Degeneracies: The information
embedded in our posterior will be
weak along certain directions in the
parameter space, where Q trades
off against h such that Q_h remains
about constant.




WORK IN PROGRESS: Degeneracy Detector
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WORK IN PROGRESS: Degeneracy Detector
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WORK IN PROGRESS: Degeneracy Detector
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Goal:

Detect parameter degeneracies in posterior samples.
Discovers symbolic relationship

9.(0,) +9,(0,) +..+9,(0,) =

: c .. : : :
using mutual information and symbolic regression.

result = detector.search_couplings (

coupling depth=3,

max fits=2,
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Mutual information (M)
- the average information
about X gained when
observing Y.
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in ~ 1- . Data + Fitted Surface
COMING SOON (in ~ 1-2 months): A Python ot = D Ebe

Ground Truth: (x*3-3x)+y+z=0

package for detecting parameter degeneracy in

posterior samples Data points
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Back to Tailed-Uniform....

g Boundary pathology is most severe along degenerate directions where
posteriors are elongated into the prior boundaries.
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C2ST in Degeneracy Direction
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Along the degeneracy direction, Uniform C2ST falls to 0.22—0.30 at boundaries;

Tailed-Uniform stays robust.

Along the perpendicular direction, posteriors don't elongate into the edges, so

both methods perform similarly.




Conclusion

We present Tailed-Uniform, a novel parameter sampling
technique for simulation-based inference. This hybrid proposal
distribution combines Uniform cores with smooth Gaussian tails
to sample the edges of our prior boundary.

We show that, empirically, neural nets trained with our proposal
achieve superior performance near the boundary and maintain
consistent posterior quality across the overall parameter space.

We also validate Tailed-Uniform on both synthetic benchmarks
and realistic cosmological inference tasks, revealing that
Tailed-Uniform enables robust inference with competitive
simulation budgets.
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