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| will present recent results of field level inference applied to three different cosmolocg
lensing of cosmic microwave background, explicit field level inference can extract both
Recent developments in MCMC sampling have enabled full hierarchical Bayesian analys
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future prospects. Finally, | will present results from implicit field level inference applie
level inference leads to significant improvements over the current state of the art analys
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Field level inference for LSS and CMB
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Why do field level inference in cosmology?

> Big discovery potential: new phenomenon, new fundamental physics...

To achieve it we need:

Ability to observe new things: new instruments, telescopes...

Develop (computational) models to explain the observable phenomena,

while also modeling all the nuisances

> Develop computational analysis methods that are optimal, robust against
systematics, interpretable, and computationally feasible...

> This talk covers Galaxy Clustering (BAQO), Weak Lensing (WL) and

Cosmic Microwave Background (CMB)
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How to do Field Level Inference

The goal is to extract scientific information using all information in the data. Goal is data
inference, e.g. learn about probability distribution of some parameters y from data x

p(y|x).

1)

2)

Explicit Field Level Inference: use Bayesian hierarchical analysis via some latent
field such as true field s: p(y|x)=integral ds p(x|s)p(s|y)p(y). Need a differentiable
forward model, and a high dimensional MCMC sampler (or optimizer for MUSE)
Discriminative Implicit Field Level Inference with Al: this is done by using training
data (X)Y) to learn p(y|x) of parameters y we wish to extract from some real data x
which is not in the training data set. We do not have real data to train on. We may
however have simulations. In this case simulations become training data. The
corresponding concept is also called Simulation Based Inference Neural Posterior
Estimator

Generative Implicit Field Level Inference with Al: here we learn p(x|y) and use
Bayes theorem to get p(y|x)=p(x|y)p(y)/p(x). The corresponding concept is also called
Simulation Based Inference Neural Likelihood Estimator
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Prelude "

Cosmology: status report
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What is our current knowledge of cosmology?

We have a standard 5 parameter model! It
contains dark matter, baryons and cosmological
constant, and the initial conditions from inflation
defined by 2 parameters

There are known unknowns that people are
searching for. Example: B modes. It will be a
tremendous achievement of experimentalists if these
are found

There may be surprises (unknown unknowns) with a
big discovery potential

There are many claimed anomalies, which if real
would be pointing to a big discovery, but some are
almost certainly noise or systematics

Example: Hubble tension, sigma8 tension, DESI
dark energy tension
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Dark Energy Spectroscopic Instrument (DESI)

New surveys

40 million galaxies
10 million stars

Vera Rubin Observatory (LSST)

20 billion galaxies - hM"" e mEE
17 billion stars ™ starburst galaxy PN\F 1
20 terabyte data/day e 7 )

T H0F

S oaoar o
£t ’ |
S 1005 - |
HET s
501

[+] SO
4000

......

Pirsa: 26060008 Page 7/49



Pirsa: 26060008

Current and optimal cosmological data analysis

e Current analysis: power spectrum or correlation function

Multipole moment, ¢
w50 500 1000 1500 2000 2500

#
5000 it

]
IR
| I‘I e
2000 | PN W
ll P Yo,
1] et T
0 I I'* e ——
w18 T 0.z oL 0.07
Angu;ﬁ

Baryonic acoustic oscillations (BAO)

o

Gaussian density field
Fully described by the
power spectrum

g Temperature fluctuations [ jtK” |
g

2000
Non-Gaussian density field % 1500}/
. s — .
P(k), B(k), peaks, voids, ... 7. 1000 il
= 500f
g o eIl
—500-: ¥ low-z SGC ]
0.05 010 015 020 025 030
k[hMpc™1]

Page 8/49



Cosmic Microwave Background with explicit inference

e CMB imprinted at recombination is a Gaussian random field
e Weak lensing creates non-Gaussian effects by distorting CMB

e We would like to eliminate the distortions to measure primary

CMB and recover lensing potential

e This can be set as a hierarchical Bayesian problem

e A=M- T-B is a linear operator containing the in-
strumental beam, B, transfer function, T, and any
masking, M

e fis the map of the unlensed CMB polarization

¢ is the map of gravitational lensing potential

x is the data

(z — AL(0) )} f2 { > }
exp{ exXpy ——=—<¢ XPY "5~ /a6y
Pz, £,4 | AL, AL) — { QCf(A%)} 286 9) (o)

] ¢’, det (C:lﬁ det (Cf (A%) 12 det (Cqb(AgS)l/z L(¢) is a linear operator which lenses a map (and

z 0 whose dependence on ¢ is non-linear)

« C,, Cy, and C; denote the covariances for the
noise, unlensed CMB, and ¢, respectively

« A% and Af; are bandpower amplitudes which

control the covariances C; and C,, respectively.
[ e
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MUSE: Marginal Unbiased Score Expansion

Seljak et al. 2017, Millea and Seljak 2022
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MAP
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logP(f, b, 0|d)

Accurate simulation
model is the key to get 4t
unbiased bandpower

estimates from MUSE.

f, o = argmaxP(f, ¢, 0|d)
f.é
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Full explicit inference recovers 2.5 times more information from CMB-S4 like data
than optimal quadratic estimator
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SPT analysis with MUSE (Ge
et al 2024); see Ge’s talk
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Can we use MCMC sampling to solve explicit likelihood problems in cosmology?

MCMC sampling for cosmology is very high dimensional (we would like to scale to 1079 initial modes or more)

In cosmology it has been pursued using Hamiltonian Monte Carlo (HMC)

Probl

Exam

em: MCMC samples are very correlated

ple for d=500,000 (Porqueres etal 2023): correlation lengths of order 5-10k, expected to grow to 50-100k for d=5x10%9
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In HMC each sample requires 10-50 likelihood calls, so we expect ot order 10”6 torward simulations tor each independent sample. We

need

at least 100 samples. This is not currently feasible

This problem took us on a long and very fruitful sidetrack: creation of a new gradient based sampler
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MicroCanonical Hamiltonian Monte Carlo
J. Robnik, B. de Luca, E. Silverstein, US (2022)

Canonical HMC
p(x’ n) « e—H(x,n)

Microcanonical HMC

— log prarget ()

p(x, M) «6(H(x, M) — E)

p(x)

p(x)

HMC

MCHMC

11 2
— H' = glog”dH — log p(x)

]

_ [P

= 2m(x)

particle moves slowly
where the target density
is high

14
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ESS per gradient call

High dimensional CMB lensing applications: MCLMC vs HMC vs MUSE
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Recent developments in MicroCanonical Dynamics

e Microcanonical Langevin Monte Carlo: continuous noise (Robnik & US 2024)

e Metropolis Adjusted MCLMC/MCHMC (MAMS): asymptotically unbiased (Robnik,
Cohn-Gordon & US 2025)

e ALBA tuning: a competitor to NUTS: step size and noise/number of steps before momentum
resampling

e [Late Adjusted Parallel Sampler: LAPS (Robnik & US 2025)
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Late Adjusted Parallel Sampler
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Parallel versus Sequential MCLMC vs NUTS

e In terms of number of evaluations
NUTS MCLMC LAPS LAPS

parallel 1s less efficient, in terms (SEQ.) (sEQ.)  (TOTAL)
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Reconstruction

Linear Field
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Figure 2. Illustration of Reconstructions. Given the observed galaxy field (left), we perform reconstruction using three
different methods of increasing quality from left to right: traditional BAO reconstruction, explicit field-level inference, and
implicit field level inference. The reconstruction quality can be seen to improve going from traditional to explicit field-level to
implicit field-level. All images are 2D projections along a direction perpendicular to the line-of-sight of thickness 125 Mpc/h.
The colorbar limits are set based on the extreme values of the linear field. The linear bias has been scaled out of the traditional
reconstruction to enable apples-to-apples comparison.

Traditional Explicit Field-Level Implicit Field-Level

Periodic box reconstruction on HOD type LRGs and BGS

Still working on realistic mask
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Figure 10. Summary of all power-spectrum extracted BAO constraints discussed throughout this work. All values correspond
to the difference between the inferred value and the true values, Aa. Different colors signify different reconstruction algorithms.
Different batches of constraints correspond to, from left to right, the fiducial LRG analysis with kmax = 0.3 h/Mpe, LRG
analysis including s? and V? terms for explicit inference, LRG analysis with misspecified Q,,, LRG analysis with misspecified AP
distortion, LRG analysis with kmax = 0.4 h/Mpc, fiducial BGS analysis with kmax = 0.3 h/Mpec, and BGS analysis with kmax =
0.4 h/Mpc. Key results are the improvement in constraining power when using field-level inference, the further improvement

when pushing to smaller scales (kmax = 0.4 h/Mpc) for BGS, and the robustness to different types of model misspecification.

Discussion: can we do better than field level BAO + P +B?
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Curvature versus dynamical dark energy

e Curvature is better theoretically motivated (bubble nucleation leads to open universe; prior
may favor low number of efolds)

e Need z>1.5 BAO (DESI-II, Spec S5...)? 30-40% reduction of error can change the picture.
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( Part 3:

Robust and Optimal Analysis of Weak Gravitational Lensing

Work led by Biwei Dai
Photoz calibration J. Chopin de Janvry etal 2025
Baryonic feedback effects Henry Liu et al, in prep.




Weak Lensing of Galaxies

Current WL P(k) constraints: low sigma8, recently moving up due to photoz (eg KIDS)

3

Rubin data size:
10° galaxies

background galaxies:
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New results from Hyper Supreme Cam Weak Lensing survey
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The first clustering redshifts
analysis : Rau+2022

PhotZ (DNNz)
PhotZ & WX
WX (0.1-1.0 Mpc)

O <wx >

Above z~1.2,
no more
clustering
calibration is
available.

1.0 15
Redshift z
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Measuring the integrated angular correlations with DESI
Choppin de Janvry, S. Gontcho a Goptcho, US etal 2025a
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