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Abstract:

Simulation-based inference (SBI) enables Bayesian analysis of complex cosmological data when only a forward model is
available, while field-level inference (FLI) aims to perform inference in a maximally efficient way and retain more information
than summary-statistic pipelines. In this talk, | will highlight recent advances and applications of SBI and FLI in cosmology. First, |
will show how field-level SBI can be used to reconstruct cosmological fields from incomplete and noisy data. Using Gaussian
neural posterior estimation with a trainable mean and covariance, and combining classical conjugate-gradient solvers with
neural networks, our method captures complex spatial correlations, denoises observations, and probabilistically reconstructs
missing regions. We demonstrate this approach on the challenging task of inferring the 3D dark matter field and its initial
conditions. Finally, | will describe how this method can be embedded in an active-learning framework for dynamic SBI, enabling
joint inference of fields and cosmological parameters by steering simulations toward the most relevant regions of parameter
Space.
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Dynamic SBI for cosmological field-level
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Field-level inference

Review: Leclercq, 2509.13435

Reconstructing a physical field allows to extract the maximal
amount of information

P(ZIC, 9|x0bs) =7

Pirsa: 26060016 Page 3/18



Optimal parameter constraints

The full field contains substantially more information than low-dimensional
summaries such as the power spectrum!
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Reconstructing fields
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Simulation-based inference (SBI)

Unknown likelihood on nonlinear scales:

for small-scale cosmological observables, the likelihood p(x | ) is not analytically tractable.

https:/simulation-based-inference.org/ . - ) - -
https://sbi.readthedocs.io/ prior simulated data density estimator posterior
estimate

.'+ > 0
o

6 ~ p(0) x ~ p(x[0) E[— log g¢(8|x)] q5(01x,)
wclure credit Deistlerd, 2210.04815

See reviews: likelihood

p— o Neural Posterior Estimation (NPE)
. Cranmer+, 1911.01429 p(wle) oy . .
« Deistler+, 2508.12939 P(9|‘B) = p(m) P(e) o Neural Likelihood Estimation (NLE)
« Weniger, TASI lectures posterior =~/ prior e Neural Ratio Estimation (NRE)

evidence ﬁ
—_—
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Amortized vs adaptive SBI

Amortized Adaptive
 Train once, then infer many times » Adaptively update the proposal and
« High upfront simulation/training training set
cost  Better precision/convergence
» Reusable for many Xps « Targeted to one observation
« Learns a global inference network » Focuses simulations on relevant
« Harder to converge to precise IEgions
posteriors « Often more sample-efficient for
one target
KT S I Y
nRe SR cire.  [AO Round 1 Round 2 Round 6
AR | e
::Q:} :S_%S: ‘9_,5: ‘$3
— ﬂ LR ) ﬂ
p(f)x) Vx ~ p(x)
simultaneously estimates the posteriors
Cole+, 2111.08030 for all simulated observations Animation credit: N. Anau Mc}ﬁ

Saciin
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Adaptive inferencein Falcon

e Framework for asynchronous distributed
computing on multiple nodes

» Training set evolves during training for adaptive
inference: new samples are drawn from the
proposal distribution

e Some nodes simulate, some nodes train to do
inference

cweniger/falcon
Lyu+ https://arxiv.org/abs/2510.13997
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Gaussian NPE

0S5+, 2410.15808, 2502.03139

Apply a U-Net to
estimate p,,.p(x)

Train the model with the
MAP loss function
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GNPE Inference

True 1Cs Field Sample 1 MAP

Training and sampling based on batched
conjugate gradient

Training: 1.5 hrs on 1 GPU
(NVIDIA A100 40GB)

Volume: V = (1Gpc/h)?, Ngig = 64°

Observed Field

10° posterior samples in < 10 seconds

1 o

1 2 1 1 5 L] -0.010 —0.005 0.000 0.005 0.010 0.0 0.3 10 L5 20 25 3.0 3.5 4.0
Observed Density Field ICs Field Value Varianee Value x107°
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Diagnostics & verification
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e Summary statistics
comparison: 1-point
functions, power spectra,
bispectra, MinkowskKi
functionals, etc

« Posterior predictive checks

» Coverage tests
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» Summary statistics
comparison: 1-point
functions, power spectra,
bispectra, MinkowskKi
functionals, etc

« Posterior predictive checks

» Coverage tests
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Forward model for adaptive case

A particle-mesh simulation evolves
particles from the Lagrangian grid to
Eulerian positions.

e Each particle gets a tracer bias weight
from the linear IC field:

w(g) = 1+ b18(q) + b2 [6°(q) — (6%)] + b2 [s%(q) — (8%)] + by2 V25(q)

» Bias-weighted particles are scattered
and RSD-displaced to the mesh to form

1+ Gbiasea(z) = [32,w(g) W(z — X(q))]/ (32, wlg) W(z — X(q)))

Bcosmo
Qi Ok, sy T8
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Power Spectrum
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Y

List+, 2510.05206

Initial Conditions
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Forward Model
Bsin
N-body + bias + RSD
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Adaptive FLI

true delta_ic buffer sample #1140 [/ 1581

« Use a tempered proposal 5(z) o< p(xons | Z)"p(2) to focus
simulations on the region relevant for Xps.

Mpeih

« Train on targeted pairs z ~ p(z) and x ~ p(x | z).

« The network learns ¢(z | x) under this adapted proposal, so it is
not the final posterior.

« Recover p(z | Xqps) With an analytic correction involving
q(z | Xobs), the original prior, and ~.

Mpc/h

« For Gaussian NPE, this correction is available in closed form in
precision space.

=05
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Adaptive FLI

Adnp’rivp ’rrr—xining allows us 1o Qimplify the network architecture

significantly, or remove some components entirely.
For example: U-Net — trainable buffer
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Joint field + parameters inference

Comparison of SBI parameter contraints

----- Bias prior
—— Fiducial values
—— Field-level CNN Compression SBI

-~ P+B SBI
' PRELIMINARY o vo10.5
og: U(0.60, 1.00)
by: N(1.00, 0.50) D(01Cs, 0 | dobs) = P(010s | Fobs) (€ | d1cs, Fobs)

D

b>: N(0.00, 2.00)
bsz: N(0.00, 2.00)
byz: N(0.00, 2.00)

% » Adaptive SBI allows joint training of the two parts
T ) I\ .

A ‘Nﬁj)’ @} of the posterior
e ﬂ » SBI allows to train optimal summaries by

compressing fields

e Inferring and compressing IC field gives better
summaries
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Fields from point cloud data
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Summary

» Adaptive SBI is needed to achieve high-precision inference in challenging regimes.

» Adaptive field-level inference improves SBI convergence and can succeed with substantially
simpler neural-network architectures.

« It enables genuinely joint inference of latent fields and cosmological parameters.
o We demonstrated this in adaptive FLI with the Falcon framework and Disco-DJ PM simulations.

» Extending this framework to smaller scales in galaxy clustering is a promising direction, for
example via GNNs applied to point-cloud data.
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