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Why is this interesting?

Previous talk by Christian Binggeli

e Understanding the galaxy-based reionization
e Detect more high LyC leakers
e Dealing with Big Data



Aim
Machine Learning tools to work

on the JWST/NIRSpec spectra

Connect the galaxy simulation to
the observed spectra




Simulating the JWST/NIRSpec spectra for the
Frontier Field

Photometric dataset

From FF of > NIRSPec spectra for
Abell 2744 & MACS the FF galaxies

J0416 o
(Castellano+2016) LYCAN + Christian
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Un-shifting
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Un-shifting
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Un-shifting

e Thespectra are shifted onto all the GSS
using a similarity metric

e Similarity metric: Cross-relation,
L2-norm

e Matching the wavelength resolution
o  Nearestinterpolation is used to match

the wavelength resolution of spectrato
GSS
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Lasso Regression

e Data points: (X1’V1)’ (xz,yz), ....... ) (xm,ym) e Likelihood function
e Machineis trained with a linear model
h‘r o m N
$ =B+ > Bix B = argmin) >[5 (x) — P + A1)
i=1
e [ arethe model coefficients to be
determined e Aisthe penalty term
e Nisthe number of features in x e Itisdetermined using “cross validation”

leaving n samples out



k-fold Cross-Validation




Lasso Regression

Regularization and Penalty

O

O

O

Controls overfitting of data
Useful inill-posed data

It suppresses the dependence on
unuseful features

Right image from Jensen et al (2016)

O

The features with high coefficients
are prominent nebular lines
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Results

e Scatter plot of true and predicted z

e Theaccuracy in estimating the “shift” affects the

prediction

e Thespreadinthe predictionis more at high z

O

Due to noisier spectra from high z
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Results

Scatter plot of true and predicted f___
The mean absolute error (MAE) is similar to what
is shown by Jensen et al (2016) for single z
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e Identify high leakers
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e Identify high leakers
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Results

e Thereal dataset will be skewed
e Withvery few high leakers
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Results

e Thereal dataset will be skewed
e Withvery few high leakers

e Theidentified high leaker will have a certain

probability of being a high leaker
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Summary

e The procedure will be useful to analyse the large JWST dataset
e It estimates the redshift and the escape fraction of the high redshift galaxies

e ltisuseful indetecting the high Lyman continuum leaking galaxies



