Machine Learning for
photometric redshifts



What is a redshift 7



What is a redshift 7

A cosmological distance measure



How do we measure it 7



How do we measure it 7

NGC 4594 FOS Spectra at r = 07032, 0163, -0207
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How do we measure it 7

red shift receding galaxy

laboratory spectrum

blue shift approaching galaxy




But | don’t have a spectrograph






But | don’t have a spectrograph

Redshifting of a Spectrum
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Machine
Learning



Features Targets

Magnitudes Redshifts



Regression problem Predict a real number value
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Regression problem Predict a real number value

not the precision with which individual
photometric redshifts but rather the
degree to which we understand the actual redshift
distributions



Back to

Machine Learning




Classification problem To which class does object belong



Classification problem To which class does an object belong
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Machine Learning
—
* High S/N

e Easy for humans
* Mutually exclusive classes
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Random Forests

Boosted Decision Trees



*not all connections are drawn

P(y =Ci|X)

P(y = C21X)

P(y = Gs1X)

P(y = C4|X)

Input layer Hidden layers Softmax output layer



So why

would it
not work?
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All spectra come tor small regions on the sky...
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Ditferent noise properties




e |dentity for which it will work

e Plan obtain better coverage

 \Work on image and catalogue level to obtain similar
properties







