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Automated peak bagging: The beginning
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The end point
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[Some decisions need to be made! J Encode prior knowledge into decision process

Model to fit

)
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Mode ID: The problem is solved ...

Tue Astropaysical Journal Lerters, T51:L36 (Tpp). 2012 June 1
£ 212 The American Asironomical Sociery. All rights reserved. Prinied in the LS.A.

doi: 10.108E204 1-8205/751/2/L.36

SOLVING THE MODE IDENTIFICATION PROBLEM IN ASTEROSEISMOLOGY

OF F STARS OBSERVED WITH KEPLER

TiMoTHY R WHITE'?, TiMOTHY R. BEDDING', MICHAEL GRUBERBAUER®, OTHMAN BENOMAR', DENNIS STELLO!,
THIERRY APPOURCHAUX®, WILLIAM J. CHAPLIN®, JGRGEN CHRISTENSEN-DALSGAARD®, YVONNE P. ELsWoRTH®,
RAFAEL A. Gakcia”, Saskia HEkker™®, Danier Huser'*, Hans KIELDSEN®, BENoIT Mosser'”, Karen KiNemucsr'!,

FERGAL MULLALLY'?, AND MARTIN STILL!!

Epsilon

UNIVERSITYOF
BIRMINGHAM

1.4 —
12t
1.of
08t

08l

R T——| T — e ——

4500

=000

a500 8000 8500
Teff (K)




Automated peak bagging: ML Clustering
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Automated peak bagging: Bayesian or ML Classification
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Automated peak bagging: ML Clustering
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Bayesian Machine learning: Mixture models

p(D|0,pa) = (1 — pa) p(D|Ho,0) + pa p(D|H1,0),

The likelihood ~ The probability of observing The probability of observing

function some data given some model the same data given some
multiplied by the probability other model multiplied by the
that the model is correct probability that this model is
correct
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Bayesian Machine learning: Mixture models

This or That

p(D|@ pa) | (1 — pa) p(D|Ho,0) + pa p(D|Hu,0),

The likelihood ~ The probability of observing The probability of observing

function some data given some model the same data given some
multiplied by the probability other model multiplied by the
that the model is correct probability that this model is
correct
UNIVERSITYOF

BIRMINGHAM



Automated peak bagging: Bayesian and ML mixture models

Take a section of our ridge (contains two
modes)

The modes are either I=even (2,0) or I=odd
3,1)

Either detect 0, 1 or 2 modes

Run a mixture model ...
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Automated peak bagging: Bayesian and ML mixture models

Take a section of our ridge (contains two
modes)

The modes are either I=even (2,0) or I=odd
3,1)

Either detect 0, 1 or 2 modes

Run a mixture model ...
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Posterior probability density
distributions

Both modes are
detected.




Automated peak bagging: Bayesian and ML mixture models

Take a section of our ridge (contains two
modes)

The modes are either I=even (2,0) or I=odd
3,1)

Either detect 0, 1 or 2 modes

Run a mixture model ...
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The degree of the
modes is not even,

J _ i.e. it is odd




Automated peak bagging: Bayesian and ML mixture models
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Machine learning: Supervised learning
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New data

High level
inputs
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