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HOW MUCH INFORMATION CAN BE EXTRACTED
FROM GALAXY CLUSTERING AT THE FIELD LEVEL?
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https://arxiv.org/abs/2403.03220

as discussed in Cabass et al.(2023)
and Schmidt (2025)

A TOY SCENARIO

6er(@) = b5 (@) + b [0 () — (61)]% + e()


https://arxiv.org/abs/2307.04706
https://arxiv.org/abs/2504.15351
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OPERATOR CORRELATORS (OC)
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FORWARD MODEL
FIELD-LEVEL BAYESIAN INFERENCE (FBI)

sampling

forward EFT

model

proposed primordial density inferred density observation (incl. noise)

Schmidt (202])_ Credits: Julia Stadler 6



https://arxiv.org/pdf/2012.09837

SIMULATION-BASED INFERENCE (SBI)
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OC convergence test
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FBI to SBI comparison - OC2ndLO (vs P+B)
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FBI to SBI comparison - OC2ndLO (vs P+B)
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FBI to SBI comparison - OC cases
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FBI to SBI comparison - OC cases
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KEY TAKEAWAYS

e Field-level inference with LEFTfield is a powerful tool for galaxy
clustering analysis

e Apples-to-apples comparison of FBI and SBI summaries shows that
there is a lot of reliable information beyond 2+3-point functions

e Operator correlators (OC) offer an efficient way of including higher
order n-point functions in our analysis

e Going higher order in OCs extracts more information in the

perturbative regime
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DETERMINING k_ nl (backup slides)
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FBI to SBI comparison - OC Fisher forecast (backup slides)
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FBI to SBI comparison - OC cases with Fisher (backup slides)
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FBI to SBI comparison - OC cases with Fisher (backup slides)
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