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Goal

● In this talk, I will:

○ briefly discuss the performance of lognormal model, which is a fast semi-numerical tool 
to generate Lyα forest.

○ explore use of machine learning in field level inference of Lyα forest with potential 
applications in generating mock catalogues.



Lyman-α Forest

● IGM is a web of multi-phase gas 
pervading the vast spaces between 
galaxies.

● At 2 < z < 3, most of the IGM is in diffuse 
phase, T ≲ few 10^4 K, Δ ≲ 10.

● Part of light coming from background 
QSOs is absorbed by intervening gas.

● Lyα electronic transitions in HI gas at 
different redshifts give rise to several 
absorption lines called Lyα forest.
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Modelling Lyman-α Forest

● Large no. of QSO spectra (≳ 1 million) making parameter space exploration difficult via full 
hydrodynamic simulations. E.g., Sherwood suite required ~ 15 million cpus hours.

● Hence, need arises for semi-numerical methods that while being less accurate, are flexible, 
fast and capture essential physics. 
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Lognormal Approximation

● We fix cosmology to Planck 2014: Ωm = 0.308, h = 0.678, σ8 = 0.829, ns = 0.961.

● We assume the 3D baryonic density field traces a smoothed DM density field 
(Gnedin et al 2003)

where             is the Jeans scale. The smoothing filter accounts for baryonic density  
fluctuations getting erased at small scales due to gas pressure.

● Lyα forest probes cosmic fields only along line-of-sight, therefore, it is sufficient 
to generate line-of-sight baryonic density field

● Lognormal approximation assumes, baryonic number density is a lognormal field



Lognormal Approximation

● Neutral hydrogen number density is calculated assuming photoionization equilibrium

● Shock heating does no play significant role at redshifts our concern, 2 < z < 3. The 
photo-heating and adiabatic cooling processes relate temperature - density with a 
power law

● Optical depth and normalized transmitted flux are then given by



Sherwood Simulations

● Performed with P-GADGET-3 code, 
modified version of publicly available 
GADGET-2.

● Various box sizes from 10-160 Mpc/h 
and particles from 512^3 to 2048^3.

● Large dynamic range allows us to study 
small scales as well as large scale 
variations.

● Different box and resolution sizes allow 
us to benchmark correlation study

● Results well converged w.r.t. UVES/HIRES 
data.

Bolton et al 2014



Flux Statistics

● Mean transmitted flux: flux averaged over all the pixels.

● Flux power spectrum (FPS): calculated for flux contrast field, 
for modes 



Modifications to Lognormal

● We find from initial works that lognormal is unable to recovery all parameters reliably.

● We introduce additional free parameter, ν, which scales the line-of-sight baryonic density 
field
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Lyman-α Forest with CNN

● We aim to use neural networks to predict Lyman-α forest spectra directly from dark 
matter density fields.

● We use U-Net, a convolutional neural network for the purpose.

● Primary objective to map an analytical density field (e.g. lognormal, Zeldovich etc.) to 
flux spectra.



U-Net Architecture

● U-shaped network with encoder and 
decoder.

● Encoder: convolution + downsampling.

● Decoder: upsampling + convolution.

● Skip connections link encoder and 
decoder.

● Allows training on multiple input fields 
to predict multiple outputs.



Data and Training

● We use MP-GADGET cosmological hydrodynamical simulations to train and test our 
neural network.

● We use 40 Mpc/h box with 512^3 particles (DM and baryons each).

● Training at z = 5 with 4 hidden layers. 

● Test data: 4 blocks of 64x64 
distributed randomly

● Validation data: 1 block of 128x128

● Rest of the skewers used for training



Results

● We find DM density alone is not enough to predict flux. Hence,

● N-body simulations impractical to generate ~Gpc scale skewers. 

● Two sets of training:

○ Simulated density to Flux
○ Lognormal density to Flux





Conclusions

● The lognormal model is unable to recover the photoionization rate reliably.

● This motivated us to use CNN to generate Lyα spectra directly from dark matter density 
and velocity fields.

● The CNN is able to reproduce Lyα forest reliably well at field level.

● Missing power at smallest and largest scales ??


