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(Take home messages)

* Simulation-based inference (SBI) constructs Likelthood through forward simulation by
using Density estimation likelihood-free inference (DELFI)

*SBI + machine learning + Bayesian inference — posterior distribution
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(e.g) cosmological model
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We would like to determine parameters
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*For given observational results, what parameter sets are prefterred??

6000 T T
5000 [

4000 |

(K2

3000 F

T
4

2000 |

0t £24, 82, 82, Hy, g = 77

1000 F

600—} —HH o —++—+—+—+—+——+—+—————
3 } 460

300F J \ \ | } 330
E il Il I|II.1%.I + w# Jﬁ?# $,080 v‘v‘v“"i*‘v""#*Mﬁﬂﬂﬁ‘ﬂé 0
ook iy i \ T* RO 1%

-6ooi| SRR | ) LA A T T 60
2 10 30 500 1000 1500 2000 2500

AD;I.T
o




*For given observational results, what parameter sets are prefterred??

6000 [
5000 |

4000

[1K?)

3000 F

T
l

Qtots 24, €2, Qp, Hy, ng =77

2000 |

1000 F

600:% —HHHHH——— * """""""""""" 160
430
LT R——

ADIT
o

t -t
300 F
_ X I|| |
300 F 3-30 .
300 F | H E e Planck prior on wy

T R A L 3-60 :
2 10 30 500 1000 1500 2000 2500 B Planck prior on wp, Wegm
¢ W Planck 2018

In Bayesian inference, we evaluate the 70

67.5

Ho

posterior distribution of parameters
with MCMC. 62.5

0.88

0.8} - 4 a
S0 ]
0.64 | 1
0.56

0.270.300.330.360.39 62.5 650 67.5 70.0 0.560.640.720.800.88
Qm Ho Og



*For given observational results, what parameter sets are prefterred??

6000 [
5000 |

4000 |

[1K?)

3000 F

Tr

l

2000 |

1000 [

460

“l*{ al 1+ 4 -go
i °

600:{ —HH —
1-30

} —t
300 - 1 \
F ail
300 £ + | | ]
: | 3-60

-600 £ Lol PR I 1 I S (N S SR SR SR AT ST ST ST SUN NN SO SO SR S SN SN S S
2 10 30 500 1000 1500 2000 2500

o

In Bayesian inference, we evaluate the

posterior distribution of parameters
with MCMC.

How do you obtain posterior distributions?
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For given data, we evaluate which theoretical parameter values explain the

data well.

Posterior
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5 We usually assume Gaussian as likelihood. Can
. we use a more flexible likelihood?
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Another parameter estimation approach

Artificial Neural Network(ANN)

*The ANN 1s one of the machine learning techniques. Once we train the architecture of ANN
by training the dataset, we can apply the trained network to unknown data sets.
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*We usually DO NOT evaluate the uncertainty of machine learning itself. ANN just returns “points”.

In Bayesian inference with MCMC, we need to calculate likelithood (and prior) to obtain the
posterior of parameters.
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*We usually DO NOT evaluate the uncertainty of machine learning itself. ANN just returns “points”.

In Bayesian inference with MCMC, we need to calculate likelithood (and prior) to obtain the
posterior of parameters.

Key question 2.
Can we obtain posterior with ANN direct parameter estimate?



Key Questions

Q1.We usually assume Gaussian as likelihood. Can we use a more flexible likelihood?
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Q2. Can we obtain the posterior with an ANN direct parameter estimate?
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Posterior inference with machine learning

*This paper suggested a “likelihood-free” approach (DELFI, Density estimation likelihood-free

inference) or simulation-based inference in 21cm study. They consider conditional density

distribution instead of likelihood.
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Posterior inference with machine learning

We train neural networks with {6, t} and obtain conditional density p(t | @) based on simulations.

*Mixture density networks(MDN) (Bishop 1994)

*Masked Autoencoder for Density Estimation (MADE) (Papamakarios+ 2017)

(See also Alsing+2019)
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Posterior from 21c¢cm image and PS

*We can directly compare the posterior obtained from 21cm image map with the posterior obtained
from 21cm PS with MCMC.
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21cm image map can provide tighter constraints on EoR parameters than 21cm PS



Exploring the likelihood

- NDE Gauss mixture

- NDE CMAF

- NDE varying cov

- NDE varying var

- NDE fixed cov

- NDE fixed var

- CLASSIC fixed cov

- CLASSIC fixed var

Prelogovic & Mesinger(2023)



Exploring the likelihood

Gaussian-

If we include a covariance matrix in
likelihood, parameter inference 1s improved.
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NDE(neural density estimator) with

Gaussian-mixture provides best constraints on

parameters.
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If we include a covariance matrix in Gaussian-
likelihood, parameter inference 1s improved.

NDE(neural density estimator) with
Gaussian-mixture provides best constraints on
parameters.

The non-Gaussian likelihood including covariance
matrix is better than the Gaussian likelithood for
parameter inference from 21cm power spectrum.
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(Take home messages)

 Simulation-based inference (SBI) constructs Likelthood through forward simulation by
using Density estimation likelihood-free inference (DELFI)

*SBI + machine learning + Bayesian inference — posterior distribution



Mixture density networks(MDN) (Bishop 1994)

Mixture Density Network (MDN)
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Masked Autoencoder for Density Estimation (MADE) (Papamakarios et al 2017)

Masked Autoencoder for Density Estimation (MADE)
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Comparing posteriors

*We can also compare the posterior obtained from 21cm PS by MCMC with posterior obtained by
machine learning based approach (DELFI).
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*The posterior probability distribution can be obtained with the same accuracy when MCMC 1is performed
and when DELFI is applied.



