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21cm line emission
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As a promising tool to probe the EoR, we focus on the 21cm signal.
Neutral hydrogen atom has different energy level between singlet and triplet.  So, they emit radiation according to its energy difference.21cm signal is emitted by neutral hydrogen atom due to hyperfine structure. That is to say, 21cm signal is due to hyperfine structure.

Since 21cm signal is emission line, it is redshifted. For example, at z=6, it is the 202MHz and 68MHz at z=20. These are radio wavelength. These correspond to EoR and cosmic dawn.

By the 21cm signal, we can observe the distribution of the neutral atom in the IGM during cosmic dawn and EoR as 3D tomography along redshift.


21cm line emission

We can map the distribution of HI in the IGM with 21cm line.
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21cm line emission

We can map the distribution of HI in the IGM with 21cm line.
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Statistical challenge In 21cm cosmology

Cosmoloqy 21cm cosmology
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Here I describe statistical challenge in 21cm cosmology by analogy with modern cosmology.

CMB observations such as WMAP and Planck achieved great success in cosmology.  They measure the angular power spectrum of CMB temperature fluctuations and put constraints on cosmological parameters with good accuracy.

One of the goals of 21cm cosmology is also to constrain EoR parameters from 21cm observations.

These parameter estimation is based on Bayesian inference, that is to say, MCMC (Markov Chain Monte Carlo) method.

In our study, we propose alternative to Bayesian inference.


Astrophysics from 21cm upper limits
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Applications of machine
learning(ML.)



Application of ML to 21cm studies

Hey, ChatGPT, Please tell me how we can apply ML to 21cm studies.

Please tell me the application of machine learning in 21cm studies

1. Image reconstruction

Machine learning has various applications in 2lcm studies, particularly in the field of

cosmology and astrophysics. The 21cm line refers to the spectral line emitted by neutral

hydrogen atoms at a w ength of 21 centimeters, and it is used to study the early 2 S 1 I d t t- d
universe, galaxy formation, and large-scale structure. Here are some specific applications . I g n a e eC I O n an
characterization

of machine learning in 21cm studies:

1. Image Reconstruction: The detection of the 21cm signal requires highly sensitive radio
interferometers. Machine learning algorithms can be used to improve the quality of the
reconstructed images from interferometric data. Neural networks, for example, can help
in enhancing the resolution and reducing the noise in the reconstructed 21cm images.

2. Signal Detection and Characterization: Identifying the faint 21cm signal amidst noise and 3 . D ata an aIyS I S an d

foreground contamination is a challenging task. Machine learning techniques such as

convolutional neural networks (CNNs) and support vector machines (SVMs) can be fe atu re ext racti O n
employed to develop automated algorithms for signal detection, classification, and

characterization. These algorithms can aid in extracting valuable cosmological

information from the data.

3. Data Analysis and Feature Extraction: Machine learning algorithms can assist in
extracting evant features from large datasets, including 21cm observations. By 4 S i m u Iati O n an d
automatically identifying patterns and correlations in the data, machine learning "
techniques can help uncover hidden information and improve the efficiency of data

analysis pipelines. m O d e I i n g

4. Simulation and Modeling: Simulating the complex astrophysical processes involved in

21cm studies requires computational models. Machine learning can be used to enhance

these simulations by training models on existing data and incorporating learned -
behaviors into the simulations. This approach can speed up the simulation process and 5 . FO reg ro u n d S u bt raCtI O n
provide more accurate predictions for different cosmological scenarios.

. Foreground Subtraction: One of the major challenges in 21cm observations is the

presence of bright foreground emissions, which can mask the faint 21cm signal. Machine

learning algorithms can be utilized to separate the foreground emissions from the desired

signal, allowing for a cleaner extraction of the cosmological information encoded in the ® ®

21cm data. S e e m S CO r re Ct? .




Artificial Neural Network (ANN)

https://www.snexplores.org/article/explainer-what-is-a-neuron
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The ANN consists of three kinds of layers, input layer, hidden layer and output layer. Each layer has neurons and they connect neutrons at next layer.  We can increase the number of hidden layer and we call the ANN with multiple layer ‘deep neutral network’.

The purpose of the ANN is to construct approximate function between input data and output data.  For this purpose, we prepare training data and train architecture of neural work with training datasets.

Once we train neutral network, then we can apply trained network to unknown data for prediction.


21cm study + ML

Emulator + MCMC—parameter estimate

(e.g.) Kern+ (2017), Schmit+ (2018), Aviad+ (2020), Bevins+ (2021), Yoshiura+ (2023)

eDirect parameter estimate

(e.g.) Shimabukuro&Semelin (2017), Gilet+ (2018), Nicolas+ (2019), Doussot+
(2019), Choudhury+(2020,2021,2022), Zhao+ (2022a,b), Vivekanand+ (2023)

Distinguish EoR sources

(e.g) Hassan+ (2019)

eOthers

(e.g.) Mertens+ (2017), Li+ (2019), Chardin+ (2019), Yoshiura+ (2020), Shimabukuro+
(2022), Bianco+ (2021,2023)
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21cm線研究の分野では後述するように、大きく3種類、エミュレータ、パラメータ推定、再電離源の区別の文脈で機械学習が用いられています。また、上記に分類されないその他の応用もされています。


Parameter estimate (inverse problem)

(input)

21cmPS —»

Input : 21cm PS + thermal noise(SKA)
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E_0 is the X-ray energy threshold for self-absorption
by the galaxy. X-ray photons below this energy are absorbed by the interstellar medium (ISM) of the host galaxies. E0 determines the hardness of the X-ray SED escaping the first galaxies.

This saturation is understandable. High values of E0 imply a harder X-ray spectrum. Because the ionization cross-sections of hydrogen and helium are very strong functions of energy, cross-section is proportion to E to -3. Harder X-rays interact increasingly less with the IGM and thus leave an increasingly smaller imprint in the light-cone.


21cm study + ML

eEmulator + MCMC—parameter estimate

(e.g.) Kern+ (2017), Schmit+ (2018), Aviad+ (2020), Bevins+ (2021), Yoshiura+ (2023)

eParameter estimate
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21cm線研究の分野では後述するように、大きく3種類、エミュレータ、パラメータ推定、再電離源の区別の文脈で機械学習が用いられています。また、上記に分類されないその他の応用もされています。


Recovering statistics from another statistics

*\We can associate statistics with other statistics by the ANN. Can we recover statistics from anothe
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Recovering statistics from another statistics

Bubble size distribution
21cm power spectrum (BSD)

(Note) It does not mean 21cm PS contains beyond Gaussian information. Training enables us
to connect a data space to another data space.



Bubble size distribution(BSD)

*Bubble size distribution(BSD) tells us the information on EoR sources, ionizing efficiency,
radiative feedback, etc. We can measure BSD from 21cm image map.
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Here, I introduce traditional method to measure bubble size distribution.

First of all, I want to emphasise that we do  not observe 21cm image directly by radio interferometer. Instead of observing 21cm image, radio interferometer provides us visibility which is Fourier transferred of image map.  Thus, we need to perform Inverse Fourier transformation to obtain 21cm image. Finally, we compute bubble size distribution from 21cm images.

However, we cannot  avoid incomplete inverse Fourier transformation because the number of antenna in radio interferometer is limited.
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Bubble size distribution(BSD)

We can directly compute 21cm power spectrum from visibility without Inverse Fourier

Transformation.

=% AVoId iInformation loss by incomplete IFT.

visibility

o 1 L
lllll

‘ .
.
”' ..
.
...
o
O b

o - 8.00(0.06)
e . 850(0.20)
e - 9.00(0.37)

)

e—e 950(0.52) |

e-e 11.00(0.78)
e - 1250 (0.90)

k [hMpe ]

21cm power spectrum

Giri+ (2017)

- z=6.4
- z=6.9
- z=74

R dn/dR

R (Mpc)

BSD

Can we recover BSD from 21cm PS ?


演示者
演示文稿备注
On the other hand, we can directly compute 21cm power spectrum from visibility without inverse Fourier transformation.  This means that we can avoid information loses by incomplete Fourier transformation.

So, our strategy is that can we recover bubble size distribution from the 21cm power spectrum with neural network.


Recovering BSD from 21cm PS
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I show the result.  Top bottoms shows the bubble size distribution. The neutral fraction is 0.39. Black solid line shows bubble size distribution obtained by 21cm 3D image directly. Red dashed line shows bubble size distribution recovered by the 21cm power spectrum with neural network.

R squared score, which is coefficients of determination is  0.957. R squared score used to evaluate how regression works well. If this values is close to 1, recovering works well.

Bottom panel shows the absolute error between black and red lines. This absolute error corresponds to around a few percent in relative error.
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So far, we see the bubble size distribution at fixed neutral fraction.

Here I show bubble size distributions at each stages of reionization, neutral fractions are 0.3, 0.51, 0.67, 0.8.

As you can see, the ANN can recover bubble size distribution at each stages of reionization.


Including thermal noise
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Next, we include thermal noise in input 21cm power spectrum. We compute 10 realizations of thermal noise and try to recover size distribution.  We assume future observation SKA level noise.

Black solid line shows the bubble size distribution obtained by 21cm 3D image and grey shade region is recovered bubble size distribution by the ANN with noised 21cm power spectrum.

We can find that recovery works well even if we consider the observational noise in 21cm power spectrum.

Bottom panel shows the absolute error again.


Reconstruction of HI distribution from LAE

Output :

Yoshiura, HS +2021 HI distribution

Input :

Lyman-alpha emitter galaxies cGAN
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pix2pix


Recovering statistics from another statistics

*\We can associate statistics with other statistics by the ANN. Can we recover statistics from anothe

Statistics A Statistics B
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