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Motivation

� parameter inference from current/upcoming surveys requires

accurate predictions for observables sourced by baryonic

physics (in addition to gravity), as well as their statistical

distribution

� examples: kinematic & thermal Sunyaev-Zel’dovich effects

(kSZ, tSZ)

� standard approaches: run resource-intensive hydrodynamic

simulations (not feasible in most cases), semi-analytic models

(theoretical systematics)

� possible simplification: astrophysical processes are more local

than gravity, baryons trace dark matter distribution fairly well

→ machine-learning approach

� allows much faster generation of mock maps, from cheaper

N-body simulations
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� simulation data mostly from IllustrisTNG300

� work directly with 3-dimensional field

� only z = 0 so far
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Sparsity
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→ biased training samples:

zoom-ins for tSZ,

mass biases o/wise

Tailed distributions

→ input transformation

→ epoch-dependent loss function

→ semi-analytic models
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Network & Training

Tune hyperparameters & network architecture on electron pressure,

then apply to density & momentum.
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Results: electron pressure (tSZ)
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Results: electron density (optical depth)

10 1 100 101

wavenumber k [hMpc 1]

10 24

10 23

10 22

10 21

po
we

r s
pe

ct
ru

m
 P

(k
)

network s.-a. model target

→ ρe easier target than Pe : Pe ∼ ρeTe
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Results: electron momentum density (kSZ)
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Results: cross-correlations
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Conclusions

� developed strategies to learn sparse 3-dimensional fields

� promising results (with limitations)

� next steps:

� construct light cones

� marginalize over sub-grid physics

� improvements: better semi-analytic models, more training

data, better network architecture (kSZ)
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Backup Sparsity

� biasing of samples: by halo mass (& zoom-in simulations)

� input transformation: x ′DM = a[log(1 + bxDM) + c]

� loss function:

Lτ (p, t) = (fτ (p)− fτ (t))2

fτ (x) ∼ e−τ/τ0 log(1 + x) + (1− e−τ/τ0)x

� semi-analytic models:

Pmodel
e =

∑
halos h

Battaglia+2012(Mh, |x− xh|)

ρmodel
e ∝ Gaussian ~ ρm

pmodel
e = ρmodel

e vDM



Backup electron pressure (tSZ) I
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Backup electron pressure (tSZ) II
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Backup electron density (optical depth)
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Backup electron momentum density (kSZ)
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