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allows much faster generation of mock maps, from cheaper

N-body simulations
1/9



dark matter-only simulation

200

150

h~IMpc

2/9



g B
B

electron
pressure P,
(— tSZ effect)

dark matter-only simulation
200

electron
density pe
(— optical depth)

electron
momentum
density pe

(— kSZ effect)

2/9



dark matter-only simulation

200

150

h~IMpc

0

semi-analytic models

electron
pressure P,
(— tSZ effect)

electron
density pe
(— optical depth)

electron
momentum
density pe

(— kSZ effect)

2/9



dark matter-only simulation
electron

pressure P,
(— tSZ effect)

200

150

electron
density pe
(— optical depth)

I

h~IMpc

electron
momentum
density pe

(— kSZ effect)

0

semi-analytic models

e simulation data mostly from IlllustrisTNG300
e work directly with 3-dimensional field

e only z =0 so far 2/9
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Sparsity

Few interesting voxels

— biased training samples:
zoom-ins for tSZ,

mass biases o/wise
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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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Tune hyperparameters & network architecture on electron pressure,
then apply to density & momentum.

Network & Tra
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Results: electron pressure (tSZ)
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Results: electron pressure (tSZ)
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— projection improves network-fiducial agreement
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Results: electron density (optical depth)

network ---- s.-a. model — target
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Results: electron momentum density (kSZ)
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Results: electron momentum density (kSZ)
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Results: electron momentum density (kSZ)
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— sub-optimal network architecture (?) 7/9
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— model quality is important
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Conclusions

e developed strategies to learn sparse 3-dimensional fields
e promising results (with limitations)

e next steps:
e construct light cones
e marginalize over sub-grid physics
e improvements: better semi-analytic models, more training
data, better network architecture (kSZ)
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e biasing of samples: by halo mass (& zoom-in simulations)
e input transformation: x,, = a[log(1 + bxpm) + ¢]

e loss function:

L-(p, t) = (f(p) — (1))
fr(x) ~ e T/ Tlog(1 + x) + (1 — e 7/™)x

e semi-analytic models:

pmodel Z Battaglia+2012( Mp, [x — xal)
halos h

pTo%e o Gaussian ® p,

model model

Pe = Pe DM
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