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Field-level inference

1) Forward model

2) Statistical inference
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Appendix



The Physics model

!

€ —» thliteel dn.o;se Lagrangian perturbation theory
l ,
Primordial gravitational Redshift-space distortions:
potential: ¢ Om
R I B S I :
Generate primordial non- Galaxy data _ | [ 0 _1 ]
fnl _-)' Gaussianity: @NG model: pg pg <Ng>( + bl + bql)f;ﬂa (k)
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Linear tranfster function: Observational effects
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Model prediction: IV,
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Marginalising out bias parameters
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| |
+  Effect of resolution increase
| SDSS3/BOSS
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Effect of Primordial Non-Gaussianity
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Statistical sampling (BORG)

N Sample e:
LN (e]{big}n, 11111)
N Y
- N o ¥ N
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