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. Why Machine Learning?
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. Uncertainty
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Why should we keep an eye
on dust

Epoch of Reionization 6 Z ~ 00001

redshift
0.10 0.93 time (Gyrs)

Supernovae : CCSNe
Consistency in
observations

(Gall & Hjorth 2018)
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http:/Amww.oa.uj.edu.pl/lcmf2014/talks/durrive_jb.pdf



Challenges in inferring dust
from observations
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What we detect - spectra]

Fitting to models

1.Assumptions on set of parameters that
are dependenton each other
2.Coverage issue

Dust mass
Dust temp.
Dust species
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Inferring dust from
observations with Machine

What we observe - spectra

Fittigevsgnodels

1.As set of parameters that
(1.Inferdust properties without ) are dé each other
2.Covera

parameters assumptions + uncertanity

on estimation
2.Find the most effective wavelength

\range forinferring dust properties )

[

Collecting observations with
various combination of dust properties

Training an algorithm with the
collected data
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Collect the data

James Webb Space Telescope




Collect the data

Simulations

MOCASS'N James Webb Space Telescope

3D representative of supernova
ejectamodel




Collect the data

Simulations
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3D representative of supernova
ejecta model
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Mixture Density Network
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Predicted species

Mixed Silicate

Carbon
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Recursive feature elimination

values

Train with a
set of
features

Drop the
one with
I EREES

importance

Shapley
value
calculation

ean(|SHAP value|) (average impact on model output



Recursive feature elimination

values

Train with a
set of
features

ean(|SHAP valuel) (average impact on model output
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Evaluation

Shapley
value
calculation
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Recursive feature el
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