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Biased tracers: model of bias

Redshift space distortions -

structures are elongated along
the line-of-sight.

Gaps in the data - eg. galaxies
in the ZoA are obscured by star,
dust and gas, survey selection
functions




Infer the true matter density and
flows in 3D

Compare inferred and observed
velocity fields ==> how galaxies
populate dm haloes, gravity

Redshift (V,,/ ¢)
2MASS Redshift Survey (2MRS)

Constraints on the cosmological
parameters - for the cosmology that we
train on.
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The Quijote simulations is a suite of more than 82,000 full N-body simulations designed to:

¢ Quantify the information content on cosmological observables
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Clever Hans effect: model might appear to perform well, but
could be picking up on spurious correlations or artefacts in
the data — not learning what we think it’s learning
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Large representative dataset to train - method
is only as good as the data is. (eg: Clever Hans
phenomenon)

Start simple with a small network and an
understanding of what we are optimising for -
loss function.

Compare it with already existing techniques,
to see if the performance is better or worse.
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Observed galaxy density field

True underlying matter density

Train a network to learn this mapping

Input field : I Target field : T




Wiener filter - linear reconstruction - e.g Zaurobi et al
1994, Lilow et al 2021

Other reconstruction methods - e. g. Bertschinger & Dekel

1989: Yahil et al. 1991; Nusser & Davis 1994; Fisher et al. 1995; Bistolas
& Hoffman 1998; Zaroubi et al. 1999; Kitaura et al. 2010; Jasche et al.
2010; Courtois et al. 2011; Kitaura 2013; Jasche & Wandelt 2013; Wang et
al. 2013; Carrick et al. 2015; Lavaux 2016; Bos et al 2016,2018; Jasche &
Lavaux 2019; Graziani et al. 2019; Kitaura et al. 2020; Zhu et al. 2020




Observed galaxy density field

True underlying matter density

Train a network to learn this mapping

Input field : I Target field : T
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Wlener flltermg for galaxy d1str1but10ns
[Zaroubl et al 1994] . ...

(1. A neural network with an input and output

layer and linear activation is equivalent to a
WEF.

2. When the field to be reconstructed is Gaussian,
|  WF (min. var) and non-linear NN (mean
posterior) estimates should both be the same!

T = (TH{D) I
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Input: observed
density field

. Output: estimate of true
field

3 3
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“velocity field

Periodic padding + Convolution (F filters,
3x3x3 kernel, stride 1) + ReL.U activation

Zero padding + Transpose Convolution (F filters,
3x3x3 kernel, stride 2) + ReLU activation
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