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Lyman-o forest
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1s—>2p HI Lyman-a absorption lines seen in the spectra of distant QSOs & galaxies.
Provides a 1D map of the intervening gas and associated gas properties.



Lyman-a forest: Cosmological Utility
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Lyman-o forest: Astrophysical Utility
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Lyman-a forest: 2-point correlation/power spectrum
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Lyman-a forest: 3-point correlation

« 82 quasar sightlines from HST-COS (z < 0.48) (Danforth+2016).
* 292 high resolution spectra from KODIAQ (HIRES) and SQUAD (UVES) surveys covering Lyman-a forestin 1.7 <z < 3.5
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But, are we getting the maximum information from clustering ?




Information Maximizing Neural Network (Charnock+2018)

e Reduce data dimensionality. Entire dataset into a set of summaries equal to number of parameters to be
estimated simultaneously. We estimate the parameters individually.

Drawing motivation from the MOPED algorithm, IMNN aims to
find some transformation f : d — x which maps the data (d) to the

compressed summary (x o, for the model parameter «). It transforms B

the original likelihood into the form a

“2nZ (x9) = (x = pp (1) C; (x = s () (1)

where -
1 &

#f(ﬁ) = n_ Z xf 2) 0 100 200 300 400 500 600 700 800
C =1 Number of epochs

is the mean of ng summaries. i is the set of model parameters and
Cr is the covariance matrix. The modified fisher information matrix id
\ S Va=9, +F
can be expressed as i (r[} f /3C (x HF).

Fop =Trluf oC5 1y pl (3)



Information Maximizing Neural Network (Charnock+2018)

e |Reduce data dimensionality. Entire dataset into a set of summaries equal to number of parameters|to be
estimated simultaneously. We estimate the parameters individually.

Drawing motivation from the MOPED algorithm, IMNN aims to

find some transformation which maps the data (d) to the

compressed summary (x o, for the model parameter «). It transforms
the original likelihood into the form

Fisher information

“2nZ (x|9) = (x = s () C7' (x = s () (1)
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where .
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S =1 Number of epochs

is the mean of ng summaries. i is the set of model parameters and
C is the covariance matrix. The modified fisher information matrix i . 1
can be expressed as da=0, + F;ﬂ,uf BC— (x — uy).

Fop=Tr [,u?ac;»l/.tf,ﬁ] (3)
To be maximised by Neural network




SHERWOOD-Relics Simulations used for training

Input :

Lyman-alpha Transmitted flux

Fourier transformed

Output: Summary

(40 h™'cMpc)® with 2X(1024)3 particles (Puchwein+2023)

Table 1. List of Sherwood-Relics simulations used

Simulation Model Purpose Seed Temperature 7y oy n |3

40-1024 (Fiducial) Training 181170 Fiducial 1.3 0.829 0.961 Puchwein etal. (2019)
40-1024-cold Training 181170 Fiducial/l.5 1.3 0.829 00961 Puchweinetal. (2019)
40-1024-hot Training 181170 Fiducial*1.5 1.3 0829 0961 Puchweinetal.(2019)
40-1024-g10 Training 181170 Fiducial 1.0 0.829 00961 Puchweinetal.(2019)
40-1024-g16 Training 181170 Fiducial 1.6 0829 00961 Puchweinetal.(2019)
40-1024-s754 Training 181170 Fiducial 1.3 0754 0961 Puchwein etal.(2019)
40-1024-s804 Training 181170 Fiducial 1.3 0804 0961 Puchweinetal. (2019)
40-1024-s854 Training 181170 Fiducial 1.3 0.854 00961 Puchwein etal.(2019)
40-1024-5904 Training 181170 Fiducial 1.3 0904 0961 Puchweinetal.(2019)
40-1024-n921 Training 181170 Fiducial 1.3 0.829 0921 Puchweinetal. (2019)
40-1024-n941 Training 181170 Fiducial 1.3 0.829 0941 Puchwein etal. (2019)
40-1024-n981 Training 181170 Fiducial 1.3 0829 00981 Puchweinetal.(2019)
40-1024-n1001 Training 181170 Fiducial 1.3 0829 1.001 Puchwein etal.(2019)
40-1024 (lowered I'yy)  Training 181170  Fiducial 1.3 0829 0961 Puchweinetal. (2019)/1.25
40-1024 (elevated I'y;) Training 181170  Fiducial 1.3 0829 0961 Puchweinetal.(2019)*%1.25
40-1024-seed001 Testing 965431 Fiducial 1.3 0829 0961 Puchweinetal.(2019)
40-1024-seed002 Testing 126642  Fiducial 1.3 0829 0961 Puchweinetal.(2019)
40-1024-seed003 Testing 140516  Fiducial 1.3 0.829 0961 Puchwein etal. (2019)

1D parameter estimation of Ty, v,

og and ng
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IMNN estimates vs MCMC estimates from Power Spectrum



IMNN estimates vs MCMC estimates from Power Spectrum
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IMNN estimates vs MCMC estimates from Power Spectrum
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IMNN estimates vs MCMC estimates from Power Spectrum
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IMNN estimates vs MCMC estimates from Power Spectrum
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IMNN estimates vs MCMC estimates from Power Spectrum
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IMNN estimates vs MCMC estimates from Power Spectrum
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Instrumental smoothing effects

Table 3. Estimation of parameters for different instrumental smoothing in both training and testing set (gaussian; z = 3.0).

Parameter

Input Parameter

Output parameter (Error corresponding to 30 sightlines)
No smoothing ~ FWHM=6kms™' FWHM=50kms™! FWHM=150kms™"’

log(Ty) IMNN)  4.225 4.2265 + 0.0087 4.2237 +0.0088  4.2230 + 0.0360 4.3322 + 0.4573
(4.225 £ 0.176)

log(Ty) (MCMC) 4.225 42228 + 0.0131 4.2226 +0.0135  4.2277 +0.0325 4.698 + 0.2260
(4.225 + 0.176)

y (IMNN) k3 1.298 + 0.015 1.297 £ 0.015 1.297 + 0.040 1.268 + 0.168
(1.3+0.3)

y (MCMC) 1.3 1.295 + 0.019 1.297 + 0.020 1.301 £ 0.041 1.279 + 0.162

(1.3+0.3)




Instrumental smoothing effects

Table 3. Estimation of parameters for different instrumental smoothing in both training and testing set (gaussian; z = 3.0).

Parameter Input Parameter Output parameter (Error corresponding to 30 sightlines)
No smoothing ~ FWHM=6kms™' FWHM=50kms™' FWHM=150kms™"’

log(Ty) (IMNN)  4.225 4.2265 + 0.0087 4.2237 + 0.0088  4.2230 + 0.0360 4.3322 +0.4573
(4.225 +0.176)
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Instrumental smoothing effects

Table 3. Estimation of parameters for different instrumental smoothing in both training and testing set (gaussian; z = 3.0).

Parameter Input Parameter Output parameter (Error corresponding to 30 sightlines)
No smoothing FWHM=6kms™' FWHM=50kms™' FWHM=150kms™'

log(Ty) IMNN)  4.225 4.2265 + 0.0087 4.2237 + 0.0088'§ 4.2230 + 0.0360 4.3322 + 0.4573
(4.225 + 0.176)

log(Ty) MCMC) 4.225 4.2228 +0.0131 4.2226 £ 0.0135 g 4.2277 + 0.0325 4.698 + 0.2260
(4.225 £ 0.176)

v (IMNN) k3 1.298 + 0.015 1.297 +£ 0.015 1.297 + 0.040 1.268 + 0.168
(1.3+0.3)

y (MCMC) 1.3 1.295 +0.019 1.297 + 0.020 1.301 £ 0.041 1.279 + 0.162
(1.3+0.3)

Improvements in IMNN from small-scale information!!



Continuum effect
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Continuum effect

z=3
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IMNN estimates vs MCMC estimates (SNR deviation by a factor 0.85)
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IMNN estimates vs MCMC estimates (SNR deviation by a factor 0.85)
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IMNN estimates vs MCMC estimates (SNR deviation by a factor 0.85)
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Robustness check with CAMELS simulations (Villaescusa-Navarro+2021)
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Figure 6. Estimation of 7 and y using MLE with power spectrum and IMNN on the Fourier transformed Ly« forest transmitted flux for CAMELS simulation
at z = 2. The expected parameter values are log Ty = 3.97 and y = 1.26. The power spectrum modeling for the MLE approach and the training for the IMNN
approach were done with previous Sherwood-Relics simulations. We check the robustness of both the approaches by testing it on a different simulation.



2D parameter estimation (with T,and I' ;)



2D parameter estimation (with T,and I' ;)
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2D parameter estimation (with T,and I' ;)
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Future perspective

e Apply IMNN on observed high-resolution data to obtain thermal parameter estimates.



Future perspective

e Apply IMNN on observed high-resolution data to obtain thermal parameter estimates.

e Explore physics affecting small scale clustering.
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Future perspective

Apply IMNN on observed high-resolution data to obtain thermal parameter estimates.
Explore physics affecting small scale clustering.
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Can be used with other statistics for parameter inference.



